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Abstract

Molecular dynamics (MD) simulations are an established tool in physics, chemistry and
biology. The vast majority of these simulations use force fields to approximate the
interactions between the atoms and molecules of the system of interest. Recent efforts
have focused on replacing these force fields with neural network potentials (NNPs), which
promise to offer quantum-mechanical accuracy at reasonable computational costs. The
aim of this study is to evaluate the performance of existing pre-trained NNPs in MD
simulations of water and two organic liquids: benzene and n-hexane. Structural, thermo-
dynamic, and dynamic properties were obtained from simulations and compared critically
to experimental data to identify the strength and weaknesses of two NNPs. Specifically,
the NNPs ANI-2x and MACE-OFF23(S) were used. Additionally, all three liquids were
also simulated using CHARMM General Force Fields (CGenFF). The results revealed
several shortcomings of the tested NNPs: Using ANI-2x, water is overly structured, and
its diffusion coefficient is three orders of magnitude too slow. While MACE-OFF23(S)
produces reasonable results for water, it significantly overestimates the density (12-18%)
for the examined systems. Overall, the force field simulations agree best with the experi-
ments. These findings show that, even though they are no longer in the early stages of
development, careful consideration must be given to the specific scope of application of
NNPs. Since NNP performance varies depending on the liquid studied, NNPs are not yet
fully transferable across different systems. Improving NNP performance when applied to
bulk liquids is likely to require larger, more diverse training datasets and direct, careful
validation by computing condensed phase properties.

Keywords: MD-Simulation, Neural network potentials (NNP), Thermodynamic prop-
erties, MACE-OFF23, ANI-2x
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Kurzfassung

Molekulardynamik-Simulationen (MD) sind ein etabliertes Werkzeug in Physik, Chemie
und Biologie. Die überwiegende Mehrheit dieser Simulationen verwendet Kraftfelder, um
die Wechselwirkungen zwischen den Atomen und Molekülen des betreffenden Systems
zu approximieren. Jüngste Bemühungen konzentrieren sich darauf, diese Kraftfelder
durch neuronale Netzwerkpotenziale (NNPs) zu ersetzen, die eine quantenmechanische
Genauigkeit bei angemessenen Rechenkosten versprechen. Das Ziel dieser Arbeit ist es,
die Leistung bestehender vortrainierter NNPs in MD-Simulationen von Wasser und zwei
organischen Flüssigkeiten – Benzol und n-Hexan – zu bewerten. Strukturelle, thermody-
namische und dynamische Eigenschaften wurden aus Simulationen gewonnen und kritisch
mit experimentellen Daten verglichen, um die Stärken und Schwächen der beiden NNPs
zu identifizieren. Konkret wurden die NNPs ANI-2x und MACE-OFF23(S) verwendet.
Zusätzlich wurden alle drei Flüssigkeiten auch mit dem CHARMM General Force Field
(CGenFF) simuliert. Die Ergebnisse zeigten mehrere Mängel der getesteten NNPs: Bei
Verwendung von ANI-2x ist Wasser übermäßig strukturiert und der Diffusionskoeffizient
ist um drei Größenordnungen zu langsam. Während MACE-OFF23(S) für Wasser vernün-
ftige Ergebnisse liefert, überschätzt es die Dichte (12-18%) für die untersuchten Systeme
erheblich. Insgesamt stimmen die Kraftfeldsimulationen am besten mit den Experimenten
überein. Diese Ergebnisse zeigen, dass obwohl NNPs sich nicht mehr in der frühen
Entwicklungsphase befinden, der spezifische Anwendungsbereich von NNPs sorgfältig
abgewogen werden muss. Da die Leistung von NNPs je nach untersuchter Flüssigkeit
variiert, sind NNPs noch nicht vollständig auf verschiedene Systeme übertragbar. Die
Verbesserung der NNP-Leistung bei der Anwendung auf Flüssigkeiten in großen Men-
gen erfordert wahrscheinlich größere, vielfältigere Trainingsdatensätze und eine direkte,
sorgfältige Validierung durch die Berechnung der Eigenschaften in der kondensierten
Phase.

Keywords: MD-Simulationen, Neuronale Netzpotentiale (NNP), Thermodynamische
Eigenschaften, MACE-OFF23, ANI-2x
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1 Introduction

Computer simulations are an essential tool used in all kinds of scientific fields, from natural
sciences over computer sciences to engineering. For example, astronomers simulate the
formation of galaxies [1], engineers analyze fluid flows [2], and geophysicists model the
earth’s internal dynamics [3]. For chemists and biologists, molecular dynamics (MD)
simulation plays a central role in understanding the behavior of atoms and molecules over
time [4].

Many experimental techniques (nuclear magnetic resonance (NMR) spectroscopy, in-
frared (IR) spectroscopy, UV/VIS spectroscopy, mass spectrometry, X-ray crystallography,
or electron microscopy) provide valuable structural information about biomolecules. How-
ever, these experimental methods are limited in spatial and temporal resolution. They
mostly report ensemble averaged behavior and cannot capture the real-time motion of
individual atoms or molecules [5]. Still, the structural insights they offer are important to
set up simulations.

Computational methods, like molecular dynamics simulations, can give insights into
the movement and interaction of molecules. This makes it possible to study molecular
vibrations, thermodynamic properties, and even conformational changes at atomic resolu-
tion. MD simulations allow the study of such systems at a fraction of the cost compared
to laboratory experiments. It also gives the possibility to investigate processes that are
difficult or impossible to observe in the laboratory. This makes it very interesting in the
field of drug design and discovery [5].

Empirical force fields
The most accurate way to describe intra- and intermolecular interactions as needed

in MD would be through quantum mechanics (QM). QM methods provide approximate
solutions to the exact laws describing interactions within and between molecules (i.e.,
the Schrodinger equation), with the achievable accuracy depending on the amount of
computation one is willing to afford. However, even with today’s computing and storage
capacities, this is computationally so costly that sufficiently accurate solutions of the
Schroedinger equation are impossible for many applications of interest. In 1969, the first
publication mentioning empirical force fields (FF) as we use them today was published [6].
A FF uses physically motivated, but compared to QM significantly simplified expressions
to describe interatomic and intermolecular interactions. Even today, therefore, most MD
simulations are done using empirical FFs. A classical FF consists of the following principal
energy terms [7]:

UFF = Ubonds + Uangle + Utorsion + Ucoulomb + UV anDerWaals

1



1 Introduction

The FF accounts for the so-called bonded and non-bonded interactions. Bonded terms
include bond stretching (Ubonds), angle bending (Uangle), and torsional rotations (Utorsion),
which are divided into proper and improper torsions. Non-bonded terms include electro-
static interactions (Ucoulomb), usually described by Coulomb’s law, and van der Waals
forces (UV anDerWalls), often modeled by Lennard-Jones potential. One has to keep in
mind that despite their utility FF do not perfectly reflect reality, they can only imitate
the reality for the simulation. It is impossible to reproduce the full nature of intra- and
intermolecular interactions using just FF terms.

Neural Network Potentials
Molecular dynamics simulations are a trade-off between accuracy and speed. Ideally,

all interactions should be described by QM, but only FFs are fast enough for adequate
simulation lengths and system sizes. In 2007, Behler and Parrinello published the ground-
breaking work on a high-dimensional neural network representation of potential energy
surfaces (PES) [8]. A decade later, in 2017, the first generally applicable implementation of
the concept was launched. ANAKIN-ME (Accurate NeurAl networK engINe for Molecular
Energies), also known as ANI-1 [9], is an extension of Behler and Parrinello’s approach,
applicable to any organic molecules consisting of elements C, H, N and O. NNPs, such as
ANI-1, promise quantum mechanical accuracy at a reasonable cost.

Since 2020, the field of NNP research has increased massively [7, 10, 11]. However, a
universally applicable model for arbitrary chemical systems, in terms of composition and
size, is still lacking. Existing NNPs are typically trained on single molecules or very small
systems. For example, the ANI model is trained on single molecules smaller than 8 atoms
[9, 12].

Two more recent NNPs, MACE-OFF [13] and Nutmeg, both used primarily the SPICE
[14] dataset. Nutmeg [14] used version 2 of SPICE, whereas MACE-OFF23 is based on a
subset of version 1, with some custom additions. SPICE contains compounds with less
than hundred atoms per molecule, or fewer than 150 atoms for water clusters. The subset
consists of the ten most common elements: H, C, N, O, F, P, S, Cl, Br, I.

Nutmeg was trained with clusters of up to 30 water molecules, among others, but the
simulation of a system of 346 waters was not successful [14].

The prerequisite for simulating complex heterogeneous systems and processes, such as
protein dynamics or ligand binding, is to first validate the performance of NNPs in simpler,
homogeneous environments. In this context, homogeneous systems refer to systems
composed of identical molecules, such as bulk water or pure organic solvents, whereas
heterogeneous systems involve different molecules, such as macromolecular complexes or
biological membranes.

Given that NNP training datasets are currently limited to single molecules or small
molecule clusters, the remaining question is how well these models can be transferred
to condensed phase simulations, where many-body interactions dominate. In order to
make the next big leap in NNP simulation towards complex heterogenic systems on big
scales, it is, therefore, crucial to critically evaluate the performance of NNPs in large

2



homogeneous systems.

Objective of this thesis
The focus of this work is on the application of NNPs for MD simulations of pure liquids,

specifically water, benzene, and n-hexane, which are compared to traditional force field
simulations. The employed NNPs are ANI-2x and MACE-OFF23(S). The performance is
evaluated by comparing thermodynamic properties such as heat of vaporization, isothermal
compressibility, heat capacity, coefficient of thermal expansion, and density to experimental
data. In addition, the structural properties are analyzed using the radial distribution
function (RDF) and the mean square displacement (MSD) to determine the diffusion
behavior during the simulation.
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2 Theory

2.1 Molecular Dynamics Simulation

Molecular dynamics simulation helps to track the movement of individual atoms in a
system over time by numerically solving Newton’s equation of motion F = m · a for N
particles. It shall be noted that all variables in this section are to be regarded as vectors,
and the vector arrows have been omitted for better readability. As an initial condition,
random velocities are assigned to given atom positions in the system. Then, the forces
acting on each particle are computed and the equation of motion is integrated to propagate
the coordinates to the next time step. Time steps are usually on a femtosecond scale to
cover all relevant phenomena in the system and ensure the stability of the simulation [4].
The forces F acting on each atom are derived from the system’s potential energy, which
can be modeled by classical FF or NNP. To illustrate the principle of such numerical
integration of Newton’s equation of motion, the Verlet algorithm was chosen.

The algorithm uses a Taylor expansion series to obtain numerical integration. The first
derivative of the position r(t) is the velocity v(t) = dr(t)

dt . The second derivative of the
position r(t) with respect to t is the acceleration a(t), which according to Newton’s laws
equals Fi(t)

mi
for all particles i = 1, . . . , N .

The Taylor series is expanded both forward and backward with respect to time t.

r(t+ δt) = r(t) + v(t)δt+
1

2
a(t)(δt)2 +

1

6
b(t)(δt)3 +

1

24
c(t)(δt)4

r(t− δt) = r(t)− v(t)δt+
1

2
a(t)(δt)2 − 1

6
b(t)(δt)3 +

1

24
c(t)(δt)4

After adding these two equations, the odd-order terms cancel out and one obtains

r(t+ δt) + r(t− δt) = 2r(t) + a(t)(δt)2 +O((δt)4)

with O((δt)4) being negligible provided δt is small enough. After rearranging the equation
and substituting a(t) = Fi(t)

mi
, one obtains the numerical solution

r(t+ δt) = 2r(t)− r(t− δt) +
Fi(t)

mi
(δt)2.

The Verlet algorithm does not calculate the velocities explicitly, but they can be
estimated at any point in time by solving

v(t) =
r(t+ δt)− r(t− δt)

2δt
.
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2 Theory

2.2 Neural Network Potentials

This section introduces the architectures of ANI-2x [12] and MACE [15], two NNPs
which use different approaches to represent the local atomic environment and predict the
total energy of a system. While ANI-2x employs a vector-based approach, MACE uses a
graph-based method involving message passing. It is important to differentiate between
the MACE architecture itself and networks using the MACE architecture trained for
specific applications. Two important examples are MACE-OFF [13] in organic chemistry,
where OFF stands for organic force fields, and MACE-MP-0 in material science, where
MP stands for ’Material Project’ [15]. Although MACE-OFF23 and MACE-MP-0 use the
same neural network architecture, they differ in the dataset used to train the NNP. In
the following, models trained with the MACE architecture are referred to as MACE-OFF
potentials.

2.2.1 ANI-2x

ANI-2x is a high-dimensional NNP based on atomic environment vectors (AEV) G⃗
X

i . For
each atom in a system, one AEV is constructed which holds radial and angular descriptors
about the environment around the corresponding atom. Each atom is sufficiently described
in its chemical environment by the numerical AEV, which are created from molecular
coordinates q⃗ = (q1, q2, ..., qx).

An AEV has the general form of

G⃗
X

i = {G1, G2, ..., GM}. (2.1)

where X represents the chemical element, the subscript i labels the atom in the molecule,
and GM represent the number of features probing the chemical environment. In 2017,
the ANI-1 model could process four elements, C, H, N and O; three years later, it was
extended and now also includes the atoms S, F, and Cl. In fact, the ANI-2x potential
comprises seven individual NNPs with identical architecture, one for each atom type for
which it was trained.

Each individual AEV is processed by the element specific NN, which transforms the
descriptor into the corresponding atomic energy contribution Ei. These individual energies
for each atom Ei are not meaningful on their own, they can be seen as an incomplete
result, and only become relevant after summing up all contributions to yield the total
energy of the system ET .

ET =

all atoms∑︂
i

Ei (2.2)

The total energy ET is a representative physical quantity that characterizes the state
of the system. The forces acting on each atom can be obtained as the negative gradient
of the total energy with respect to the position r of atom i.

Fi = −∇riET
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2.2 Neural Network Potentials

In NNPs, such as ANI-2x and MACE-OFF23, the gradients are computed by backpropaga-
tion (reverse-mode automatic differentiation) within the ML framework (PyTorch) [12].
During forward propagation, the computational graph that maps the atomic coordinates
to the total energy is tracked. Automatic differentiation then uses this graph for back-
propagating, obtaining the derivatives (forces) of the energy with respect to all atomic
positions [16].

Figure 2.1: A schematic representation of the ANI-2x model, based on Behler and
Parinello’s work. (A) shows the general algorithmic structure of a high
dimensional-NN (HD-NN). q⃗ denotes the molecular coordinates, GX

i denotes
the atomic environment vector (AEV), aji represent the nodes in the three
layers lx, and EX

i denotes the energy contribution. GX
i is composed of q⃗ and

environmental features Gm. The AEV is propagated through the atom specific
NN and gives EX

i as an output. (B) shows the application of HD-NN specific
to water. Each atom type has a separate NN, each of which generating an
energy contribution. Theses contributions sum up to give the total energy ET .
Figure from Smith et al [9].

The local environment
Smith et al. [9] have taken up Behler and Parinello’s work [8] and further developed

the symmetry function (SF) to single-atom AEV that solves the transferability problem
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2 Theory

of the SF in complex chemical environments.
The transferability problem refers to the difficulty of applying a machine-learning

potential (MLP) to structures beyond the set on which it was trained. Models usually
perform better with structures similar to the training set. The reliability of these structures
decreases significantly for systems outside the training database. [17]

The local environment of the atoms in the system is probed by two functions, the
radial- and the angular-symmetry functions, with its predefined hyperparameters. These
hyperparameters are ζ, θs, η, and Rs, all of which are described in more detail in the
following. Although the model does not explicitly distinguish between bonded and non-
bonded interactions, it implicitly learns this information from the distances and angles
encoded in the AEV ad Eq. 2.1. To ensure computational efficiency, cut-off radii RC

are introduced, as it is unnecessary to compute all the system’s atom-atom interactions.
This cut-off function fC guarantees that interactions are gradually reduced to zero as the
interatomic distance Rij approaches the cut-off distance RC .

fC(Rij) =

⎧⎨⎩0.5× cos

(︃
πRij

RC

)︃
+ 0.5 für Rij ≤ RC

0.0 for Rij > RC

The radial symmetry function

GR
ma

=

all atoms∑︂
i ̸=j

e−η(Rij−Rs)2fC(Rij)

encodes the distances between atom i and j with its set of hyperparameters ma = (ηa, Rsa).
Here, η is constant and Rs is variable with 32 predefined parameters. Rs denotes the
shifts of the center of peak. The hyperparameter η determines the width of the Gaussian
distribution, while multiple Rs probe the area around the atom.

The angular symmetry function

GAmod
mb

= 21−ζ
allatoms∑︂
j,k ̸=i

(1 + cos(θijk − θs))
ζ × exp [−η(

Rij +Rik

2
)2]fC(Rij)fC(Rik)

encodes the angular environment between atoms i, j, and k, where θijk denotes the angle
between atoms i, j, and k. The set of hyperparameters mb = (ζb, θsb , ηb, Rsb) includes
radial and angular components.
ηb and Rs serve a similar role as in the radial SF, ζ and θs control the angular component.

θs denotes the shifts in the angular environment and ζ denotes changes in the width of
the peak.
ηs and ζs are constants, whereas Rs and θs vary over 8 radial and 8 angular parameters,

respectively. In ANI-1, an AEV consisted of 768 input values, by extending the network
by three atom types, an AEV for ANI-2x now holds 2352 input values. [9]

8



2.2 Neural Network Potentials

2.2.2 Graph neural networks and MACE

A graph neural network (GNN) is a type of neural network that is based on a graph
structure and can formally be defined as G = (V,E) where elements xϵV are called nodes
and eϵE are called edges. Each edge can be seen as a connection between nodes, defined
by a pair of nodes {x1, x2}. In a molecular system, atoms of a molecule can be represented
as nodes which are connected with its neighboring nodes via edges. These edges are not
restricted to chemical bonds or atom pairs, but formed between all atom pairs within a
defined cut-off radius.

The advantage of using a GNN is the flow of information between nodes via edges,
where the edges can also be used to encode pairwise distance. Message passing enables
the network to iteratively update the representation of each node through its connecting
neighbors. The key components of GNN are

• embedding vectors h(0)

• messages m

• update function fupdate

At startup, each atom is represented by a vector h0i (embedding vector) that initializes
node features, where i denotes the ith atom of the respective molecule and 0 the recursive
update state. The node features are iteratively refined through repeated information
exchange with its neighboring nodes (see below). This vector h0i is a learnable parameter,
specific to each chemical element, that was determined during the NN’s training phase.

Messages are encoded information flowing from one node to another. A message could
be described as m

(n)
ji where information is passed from node j to node i in iteration step

n, this message holds information about the radial and angular environment of atom j.
Once all messages of a system are created, the embedding vector is updated by using

an update function. Therefore all messages flowing to one node from its neighboring nodes
within the cut-off radius are aggregated. An update function could, e.g., be formulated as

hn+1
i = fupdate(h

n
i ,

∑︂
jϵN(i)

m
(n)
ji )

with j being N (i) = {j | rij ≤ rcut}. The nodes vector of atom i is updated using the
information of this particular vector in the iteration n and all the messages mij that flow
from neighboring atoms j to atom i. The update function could also be defined by a
layer of a NN [18]

Figure 2.2 illustrates message passing. Assume we start in state n and collect all
information within the cut-off radius for node i and the same for node j. Once nodes are
updated, the system reaches state n + 1; here again all information within the cut-off
radius is collected. After next update, node i implicitly has information about node e
and its environment even if the two nodes are out of each others cut-off reach.
MACE updates its nodes three times, with the first update being the embedding. This

9



2 Theory

Figure 2.2: A schematic representation of message passing in a graph neural network
(GNN). Left: At iteration n, atom i collects information from all atoms
within the cut-off radius rC . For example, message m

(n)
ji for atom i. Right:

At iteration step n + 1, the process of collecting information is repeated.
However, when creating messages for atom i, atom j has already incorporated
information about atom e and passes this information on to atom i, implicitly.
Figure from Picha et al. [19]

recursive update can double the effective cut-off radius, under the condition that a node
lies at the boundary of the original cut-off.

The MACE architecture [20] can be trained on arbitrary datasets whereas MACE-OFF
is a trained model using the MACE architecture. MACE-OFF is trained on the most
common chemical elements H, C, N, O, F, P, S, Cl, Br, I. [13]

The size of the NN in MACE is predominantly dependent on the number of learnable
chemical channels. These channels are treated independently and act as hyperparameters
that encode the chemical environment. For example, the embedding vector of the MACE-
OFF23(S) model is described by 96 channels, whereas the MACE-OFF23(M) model uses
128 channels. [20, 13] Table 2.3 summarizes the dataset used to train the MACE-OFF
potential. It shows the chemical composition, system size and the number of structures
used for training and testing. The columns from PubChem to Solvated Amino Acid have
been transferred from the original SPICE dataset (version 1) without modifications. This
subset is restricted to molecules with neutral formal charge. Besides solvated amino acids,
which have larger molecules, this subset consists mainly of molecules of up to 50 atoms.
Larger molecules containing up to 90 atoms were included from QMugs. To complete
the newly created dataset, small water clusters, of up to 50 molecules, were added. This
composition contains ten core elements H, C, N, O, F, P, S, Cl, Br, I. 95% of the samples
were used to train the potential, the remaining 5% were used for testing. The dataset

10



2.2 Neural Network Potentials

was split, in a way that ensured conformers from the same structure were not present in
both sets. [13]

Figure 2.3: Composition of the MACE-OFF23 training data (Figure from Kovacs et al.
[13])

The local environment The generated messages encode the local environment around
each atom. The information for the messages are encoded using Bessel functions for the
radial dependencies and spherical harmonics for the angular information. Bessel functions
are defined as functions of radial distances

jn0 (rij) =

√︃
2

rcut

sin(πn
rij
rcut

)

rij
fcut(rij)

where rij represents the distance between atoms i and j, rcut the cut-off radius and n
different wavenumbers of the Bessel function. [18]

Spherical harmonics are used to describe the spatial orientation of neighboring atoms
relative to a central atom. Two angles define where each neighboring atoms lies on
a virtual sphere around the center. The angular pattern is captured in a way that
naturally respects rotational symmetry. Rotations in a atomic system are transformed in
a consistent way, regardless of the orientation of the system. The combination of Bessel
functions and spherical harmonics enables a representation in which we know exactly the
orientation and the distance of each neighboring atom relative to the central atom. [20].

2.2.3 Training of NNP

Two essential parts are needed to train a NNP, the architecture and a training dataset
[8]. The architecture of the network must be decided upon before training of a NN can
begin. In other words specifying the number of layers, the sizes of embedding and bias
vectors and weight matrices as well as activation functions [18]. The graph neural network
builds the node vectors, those vectors are then propagated through a feed-forward neural
network (FFNN) and has energies as output. A feed-forward neural network also called
multilayer-perceptron, consists of multiple layers, an input layer, an output layer and one
or more hidden layers [21].

Each layer is composed of interconnected perceptrons that pass information from the
input to the output layer without forming cycles. Perceptrons are organised in layers.
One perceptron can be described by

f(x⃗) = σ(Ax⃗+ b⃗) = x′⃗

11



2 Theory

where A denotes a matrix, b⃗ a bias vector, x⃗ the input features and σ the activation
function (e.g., σ(x) = max(0, x)). Each layer in a NN can have different activation
functions, biases and weights. Initially weights are assigned random values. During
training, the input features X are mapped to known output features Y using forward
and backward propagation. As training progresses, the weights are adjusted to achieve
better representation of the input features X. The weight adjustment is controlled by a
loss function, which quantifies the difference between the predicted and the true outputs.
NN’s such as ANI-2x and MACE both incorporate energies and forces into their loss
function. The ANI-2x loss function, for example, is expressed as follows

L =
1

N

N∑︂
i=1

⎡⎣(Ei
ˆ − Ei)

2 +
l0
Mi

Mi∑︂
j=1

(fiĵ − fij)
2

⎤⎦
where N denotes the number of molecules, Ei

ˆ and fiĵ are the predicted energies and
forces, Ei and fij are the quantum mechanical energies and forces, M denotes the number
of atoms per molecule, and l0 serves as a balancing factor between energies and forces
during training. To ensure proper training on energies, the balancing factor l0 is set
to 0.1. Forces do not hold information about the molecules absolute energy; therefore,
the contribution is weighted less [12, 13]. This prevents the network from overfitting of
forces while neglecting accurate energy predictions. The objective is to find the best
approximation for the unknown function that describes the relationship between input
features X and output features Y .

A multi-layer perceptron can be written as

f = fL ◦ fL−1 ◦ ... ◦ f1

which is equivalent to
f(x) = fL(fL−1(...(f1(x))))

An example for a three layer NN can be expressed as

f(x⃗) = σ3(A3(σ2(A2(σ1(A1x⃗+ b1⃗)) + b2⃗)) + b3⃗) = y⃗.

A dataset is divided into a training set, which is used to optimize the weights, and a
test set, which is used to evaluate the predicted outputs. In this context, both the neural
networks of ANI-2x and MACE-OFF23 are trained on quantum mechanical energies as
well as forces. The true outputs of the dataset are known, so the test set can be used
to evaluate how well the network has learned this mapping. Quantities used for this
evaluation include the standard deviation and the root mean squared error (RMSE).

2.3 Condensed Phase Properties

FF and NNP aim to reproduce real-world physical behavior in MD simulations, and
should therefore calculate accurate physicochemical properties. To ensure the reliability of
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2.3 Condensed Phase Properties

such simulations, validation is crucial. This involves validating simulation results against
experimentally measurable properties describing the relationships between energy, volume,
temperature, and pressure in a system.

The following condensed phase properties characterize the behavior of liquids. These
properties have been used over the years [22, 23] as standard criteria in the evaluation of
FF development. Since they are routinely measured for industrial and chemical processes,
a large amount of data is available. The development of FF or NNP benefits from the
existing data.

In classical thermodynamics, the properties of interest, isothermal compressibility κ,
heat capacity Cp, and the coefficient of thermal expansion α, are defined as follows:

κ = − 1

V

∂V

∂P

Cp =
∂H

∂T

α =
1

V

∂V

∂T
where V , P , T , H denote volume, pressure, temperature, enthalpy respectively, and ∂
denotes the partial derivative operator.

In the recent work of Picha et al "Condensed phase properties and transferable neural
network potentials" statistical mechanical derivations on how to obtain these three
properties from ensemble averages are provided [19].

In the following equations defining ∆Hvap, κ, Cp and α, R denotes the gas constant, T
denotes the temperature, N denotes the number of particles in the respective system and
kB denotes the Boltzmann constant.

Heat of Vaporization
The Heat of vaporization describes the heat (energy) required to transfer a molecule

from the liquid phase into the gas phase at constant temperature. ∆Hvap can be calculated
as follows [23]:

∆Hvap = ⟨Egas⟩ − ⟨Eliquid⟩+RT [kJ/mol] (2.3)
where Egas and Eliquid denote the mean energy of one molecule in either gas or liquid

phase.

Isothermal Compressibility
The isothermal compressibility quantifies the change in volume in response to a

change in pressure at a given temperature. It measures how compressible a fluid is under
isothermal conditions.

κ =
1

κBT

⟨V 2⟩ − ⟨V ⟩2

⟨V ⟩
[1/bar], (2.4)

where ⟨V 2⟩ denotes the mean squared volume, ⟨V ⟩2 denotes the squared mean volume,
and ⟨V ⟩ the mean volume
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2 Theory

Heat Capacity
The heat capacity (specific heat capacity) is the amount of heat respectively energy

needed to change the temperature of one gram of a material by one Kelvin (or degree
Celsius) at constant pressure.

Cp =
1

NRT 2
(⟨H2⟩ − ⟨H⟩2) [cal/gram/K], (2.5)

where ⟨H2⟩ denotes the mean squared enthalpy and ⟨H⟩2 denotes the squared mean
enthalpy.

Coefficient of thermal expansion
The coefficient of thermal expansion (also known as thermal expansion coefficient) is

the amount the material or liquid expands with increasing temperature and vice versa
contracts with decreasing temperature.

α =
⟨V H⟩ − ⟨H⟩⟨V ⟩

RT 2⟨V ⟩
=

Cov(V H)

RT 2⟨V ⟩
[1/K], (2.6)

where ⟨V ⟩ denotes the mean volume and the expression ⟨V H⟩− ⟨H⟩⟨V ⟩ can be written
as Cov(V H) the covariance of the volume and the enthalpy.

2.4 Structural and dynamic properties

Diffusion
The self-diffusion coefficient (D) can be derived from the mean-squared displacement

(MSD), which quantifies the drift of molecules through a system triggered by random
collisions between them.

MSD(t) =

⟨︄
1

N

N∑︂
i=1

|ri(0)− ri(t)|2
⟩︄

t

, (2.7)

where r denotes the position of the particle i in Cartesian coordinates after time t.
The self-diffusion coefficient can be computed from the slope of the MSD.

D =
1

2d
lim
t→∞

d

dt
MSD(t) (2.8)

The pre-factor 1
2d depends on the dimensionality d of the system [24].

Radial Distribution Function
The radial distribution g(r) function analyzes how atoms are
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2.4 Structural and dynamic properties

Figure 2.4: Schematic repres-
entation of RDF
(Figure from Picha
et al. [19])

spatially arranged relative to each other in a liquid. It
is determined by measuring the distance between each
pair of particles. Therefore, each atom serves as origin
from which the distances to all other atoms between
two concentric spheres with radius r and r + dr are
measured. The type of atom is also taken into account,
e.g. RDF(CO) specifically accounts for the distances
between atom type carbon and oxygen atoms. An av-
erage distribution of atoms is computed over all frames
of a trajectory, i.e.,

g(r) =
1

ρ

1

4πr2dr

⟨︄
1

N

N∑︂
i=1

∑︂
j ̸=i

δ(r − rij)

⟩︄
, (2.9)

where ρ denotes the average density of the system, the volume of the difference between
the spheres is approximated by 1

4πr2dr
, δ is the Dirac delta function given by [24]

δ(x) =

{︄
1, x = 0,

0, else.
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3 Methods

3.1 Simulation details

Three different molecular liquids, water, benzene and n-hexane, were chosen for the
simulation and for comparison of the behavior of NNPs (see Figure 3.1c).

Water is a small, polar molecule with strong hydrogen bonds, which makes it challenging
to simulate accurately. This is why evaluating the transferability of FF and NNPs for
water is important. Benzene is a nonpolar molecule with an aromatic ring which shows
π-π stacking interactions. In contrast to water and benzene, n-hexane is a nonpolar,
aliphatic molecule. Both benzene and n-hexane are larger molecules than water and are
often used as organic solvents, this makes their behavior interesting to study.

All three homogeneous systems were simulated at a temperature of 300 Kelvin.

(a) water (b) Benzene (c) n-hexane

Figure 3.1: Simulated species in homogeneous system. (a) water, (b) benzene, (c) n-
hexane.

The boxes for the initial FF simulation of water, benzene and n-hexane were constructed
using Charmm-GUI [25]. The number of molecules in each box determines its box length.
The default cutoff for simulations with FF is 12 Å, therefore the optimal box length L
should satisfy L/2 > RC [26]. If Boxes are smaller than twice the cutoff self-interactions
will occur which violates the consistency of the minimum image convention. Boxes that
are significantly larger than 2 ∗RC would considerably increase computational costs. For
these reasons, a box with a length of 25 Å was considered optimal. Additionally, to have
comparable results, the systems should ideally consist of about the same amount of atoms.
This led to different numbers molecule wise (see table 3.1).

The box sizes for the canonical ensemble (NVT) were calculated using Avogadro’s
constant to determine the number of molecules in units mole, which is required to calculate
the mass m using equation m = n ∗ M . The volume V is then calculated using the
experimental density ρ of each system using V = m

ρ . The box length L can subsequently
be derived from the volume 3

√
V .
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NPT NVT Experiment

system # molecules # atoms L box (Å) L box (Å) ρ[g/mL]

water 572 1716 25.72 25.798 0.997
benzene 130 1560 27.21 26.717 0.880
n-hexane 98 1960 27.73 27.768 0.655

Table 3.1: Simulation details of the three systems water, benzene and n-hexane. L is the
length of the simulation boxes (V = L3). The NPT box size is the instantaneous
value after the first 10 ns of FF equilibration; the size of the NVT box is derived
from the experimental density

3.2 OpenMM and Platform

The choice of ANI-2x and MACE-OFF(S) was motivated by the fact that these are
fully trained and transferable models that are publicly available. In addition, efficient
implementations in the OpenMM/ML software stack (version 8.1.2) were already available
when this work was started. OpenMM also supports FF simulations, so all simulations
could be carried out with one toolkit. MACE-OFF23 is provided in 3 different network
sizes, small(S), medium(M) and large(L). In this thesis, only the MACE-OFF23-S model
was used because computations with the medium network are extremely slow and would
have required too much time. The large network is even slower and more memory-intensive
and was, thus, unusable on the available hardware. The NN simulations were carried out
on NVIDIA RTX 4090 GPUs using double precision floating point arithmetic (float64 ),
while classical FF simulations were executed in OpenMM’s mixed precision mode.

3.3 Integrator

Langevin Integrator Langevin dynamics is an extended integration method that controls
temperature through stochastic and frictional forces. The Langevin integrator [27, 28]
uses these two forces to mimic the effect of a heat bath. The random forces mimic random
collisions and thereby regulate the temperature of the system. The frictional forces
regulate the kinetic energy, the friction is proportional to the velocity of a particle, the
faster a particle moves, the stronger the friction. These stochastic and dissipative impulses
accelerate equilibration and thus improve convergence of thermodynamic averages. In
order to study an isothermal-isobaric ensemble, it must be combined with a barostat to
control the pressure. For this purpose the Monte Carlo barostat [29] was used in the
NPT simulation. It adjusts the size of the periodic box to maintain constant pressure
while keeping the same ratio of box lengths. However, this integrator is not suitable for
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studying dynamic properties as it interferes with the dynamic behavior of the system.

Nose-Hoover integrator The Nose-Hoover integrator [30, 31] is a thermostat based
on a variation of the verlet algorithm. It was used for simulations in the canonical
ensemble (NVT). The temperature is connected to the kinetic energy of the system and is
regulated by coupling it to a heat reservoir that exchanges energy with the system. Unlike
the Langevin integrator, Nose-Hoover does not introduce stochastic forces but preserves
the natural dynamical behavior of the system. Therefore, it is suitable for studying the
dynamic properties of canonical ensembles.

3.4 Truncation of interactions

Particle-Mesh-Ewald (PME) summation is used to model the electrostatic interactions in
simulation system with periodic boundary conditions [32]. PME was used for FF simula-
tions, since neither ANI-2x nor MACE-OFF23 take long-range interactions into account.
To avoid sharply truncated interactions in force field simulations, the Lennard-Jones
forces are switched off between 10 and 12 Å, meaning the interactions are decreased to
zero within this range.

The ANI-2X model uses a fixed predefined radial cutoff at 4.6 Å and an angular
symmetry function cutoff at 3.1 Å. This decision is based on the distribution of atomic
distances and the fact that the angular environment is less sampled in the ANI-1 data set
[9].

The MACE-OFF23 model, on the other hand, has a fixed predefined cutoff at 4.5 Å.
However, the effective range of the cutoff doubles as a result of message passing between
atoms. [13].

3.5 Simulation setup

Figure 3.2 gives an overview of all simulation steps that were carried out. The wording
initial simulation and production are used according to this figure. Each box represents a
simulation and provides information about the simulation length and the model (FF or
NN) used. The top left corner specifies the ensemble (NPT or NVT) and the integrator
(LNG or NH) while the bottom left corner shows how many times the respective simulation
was repeated.

The workflow starts with an initial FF equilibration of 10 ns for each system (water,
benzene, n-hexane) using NPT ensemble and Langevin (LNG) integrator [27]. Based on
this final configuration of this equilibration run, three further simulation branches were
started. The first two branches used the NPT+LNG ensemble, while the third branch
used the NVT ensemble with Nose-Hoover integrator (NH) [30, 31].

The first branch carried out one 1.1 ns initial simulation from the final configuration of
the equilibration simulation using FF. Then five subsequent independent 1.1 ns production
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simulations were added.

The second branch represents the simulations with both NNPs, ANI-2x and MACE-
OFF23(S). For each NNP, one 1.1 ns simulation was carried out, also starting from
the previous equilibration simulation. Subsequently, a further five independent 1.1 ns
simulations were performed for the respective NNP.

In the third branch an additional 10 ns simulation with a the NVT ensemble was
started. From its final configuration, 3.5 ns simulations were started with each studied
model (FF, ANI-2x and MACE-OFF23(S)).

At the end of each simulation run, a restart file was written, which allowed the
subsequent simulation to start exactly at the final configuration (box size and molecular
coordinates) of the previous run, but with newly assigned random velocities to ensure
statistical independence for the repeats of the production simulation. Simulation data,
including simulation step, simulations time, potential energy, total energy, temperature,
box volume, density and simulation speed were recorded every 100 steps. Trajectories
of all atoms were output written to a file using the same interval, corresponding to one
trajectory frame every 50 fs.

Figure 3.2: Workflow illustrating the dependency of the consecutive simulations, starting
with a box from CHARMM-GUI. Langevin integrator is abbreviated to ’LNG’
and Nose-Hoover integrator to NH. The thermodynamic properties and the
self-diffusion coefficients were calculated from the production runs. The RDF’s
were calculated from the 1.1 ns simulation runs.
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3.6 Data analysis

3.6 Data analysis

Additional simulations to the one described in the previous section 3.5 were performed in
the gas phase, placing a single molecule in a box with no interactions to other molecules.
The first 100 ps of every simulation were discarded as equilibrium of the simulation.
The remaining 1 ns was used to calculate the condensed phase properties as described
in equations 2.3, 2.4, 2.5, 2.6. The NVT ensemble simulation was used to track the
self-diffusive coefficient (see table 10).

The simulation data were analyzed by calculating the statistical mean, standard
deviation and relative error according to the following definitions:

Mean

⟨x⟩ = 1

N

N∑︂
i=1

xi (3.1)

Standard deviation

σ =

⌜⃓⃓⎷ 1

(N − 1)

N∑︂
i=1

(xi − ⟨x⟩)2 (3.2)

Relative error
ϵrel =

⟨x⟩ − xex
xex

(3.3)

The variable N denotes the number of simulations runs, xi denotes the value of a
given property obtained from the ith simulation run and xex denotes the corresponding
experimental value. When calculating the properties, we always discarded the first 100 ps
of the simulation as equilibration.

MD Analysis / NewAnalysis The trajectory files of the 3.5 ns NVT ensemble production
(with box length set to the value corresponding to the experimental density) were analyzed
using MDAnalysis [33, 34] and NewAnalysis [35], the latter being an in-house tool. To
obtain the self-diffusive coefficient, the center of mass of each molecule in the trajectory
was determined using NewAnalysis. Based on these positions, the MSD is calculated
according to equation 2.7. Lastly, the self-diffusive coefficient is obtained from the MSD
according to equation 2.8.
The MDAnalysis package was also used to compute the RDF according to equation 2.9.
The RDFs were calculated from the 1.1 ns NPT simulation. This was done for all possible
atom pairs (H-O, O-O, H-H, C-C, C-H) in each of the three systems water, benzene and
n-hexane.
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This chapter presents the results of simulations of water, benzene, and n-hexane. To
ensure clarity, all plots use the same color coding. FF is shown in red, ANI-2x in green,
MACE-OFF23(S) in orange, the experimental data points are depicted in black, and the
results of the initial simulation (Figure 3.2), if included, are depicted in grey.

Monitoring convergence Before exploring the results in greater detail, we studied the
time that the thermodynamic properties needed to converge. Figures 4.1, 4.2, 4.3 show
the convergence of all properties studied for water, benzene and n-hexane, respectively.
Data were taken from the 1 ns initial simulation, and are plotted as a cumulative average
over time (the first data point denotes the mean of the first 100 ps etc.). Each plot shows
all five thermodynamic properties, from top to bottom: heat of vaporization △Hvap,
isothermal compressibility κ, heat capacity Cp, coefficient of thermal expansion α, and
density ρ.

Water Figure 4.1 shows that △Hvap quickly converges within the first 200 ps for
all three models. When using the ANI-2x model, all other quantities, i.e., κ, Cp, α,
and ρ, converge slowly and, in fact, seem not to have reached convergence at the end
of the 1 ns simulation time. κ, Cp, and ρ show a descending trend, while α shows an
ascending pattern. These continuous drifts suggest that the ANI-2x model is unlikely to
have converged. In contrast, the FF and MACE-OFF23(S) models display a much more
rapid convergence for all five properties throughout the simulation. A closer observation
of κ and α of the MACE-OFF23(S) model reveals a minimal decline at the beginning
that appears to converge after 300 ps.

Benzene Figure 4.2 displays a very stable behavior for △Hvap and ρ for all three
models. Within the first 400 ps, a slight ascending trend is noticeable, and no significant
changes occur later. After 1 ns of simulation time, △Hvap and ρ clearly seem to have
converged.
Cp shows a decreasing curve throughout the entire simulation period in all three models.

Although the curves flattens out more and more towards the end, a downward trend
is still noticeable. A similar behavior is seen for κ using the FF model. ANI-2x and
MACE-OFF23(S) decrease only gradually after the initial drop and converge to similar
values as FF.

α shows an interesting difference between models. While ANI-2x and MACE-OFF23(S)
decrease at first, FF has an increasing trend, towards a similar value as ANI-2x, whereas
MACE-OFF23(S) remains slightly higher than the other two.
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Figure 4.1: Monitoring the cumulative convergence of water properties studied during
the 1 ns initial simulation. From top to bottom heat of vaporization △Hvap,
isothermal compressibility κ, heat capacity Cp, coefficient of thermal expansion
α, and density ρ.

Figure 4.2: Monitoring the cumulative convergence of benzene properties studied during
the 1 ns initial simulation. From top to bottom heat of vaporization △Hvap,
isothermal compressibility κ, heat capacity Cp, coefficient of thermal expansion
α, and density ρ.
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n-Hexane Figure 4.3 shows that for △Hvap and ρ the models ANI-2x and MACE-
OFF23(S) take about half the simulation time to converge. κ and Cp have a decreasing
curve for all three models throughout the entire monitoring period. The curve flattens
out towards the end, but only FF and ANI-2x seem to have converged at the end of
the simulation. MACE-OFF23(S) still has a noticeable decrease. For α, FF shows an
increasing curve during the first 400 ps. In contrast, ANI-2x and MACE-OFF23(S)
decrease during the same time, before all approach stable values. All three models seem
converged after 1 ns of simulation.

Figure 4.3: Monitoring the cumulative convergence of n-hexane properties studied during
the 1 ns initial simulation. From top to bottom heat of vaporization △Hvap,
isothermal compressibility κ, heat capacity Cp, coefficient of thermal expansion
α, and density ρ.

The accuracy of results with respect to the experimental values is discussed further
in section 4.1 Seeing that not all models converge after 1 ns simulations time led to the
decision to append an additional 1 ns simulation time in order to achieve an equilibrium.
Five production runs were started using the final configuration of the initial simulation.
These results are discussed in the following section.

4.1 Thermodynamic properties

Figures 4.4, 4.5, 4.6 show the results for the thermodynamic properties heat of vaporization
△Hvap, isothermal compressibility κ, heat capacity Cp, coefficient of thermal expansion
α, and density ρ. The raw data used to create the figures are listed in tables 1, 3, 4, 6, 7,
9 in the appendix.

The symbols in the figures represent different data sources and levels of sampling. The
crosses (×) correspond to values obtained from the initial 1 ns simulation, dots represent
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the mean values from five independent production runs with the standard deviation shown
as whiskers. In cases like △Hvap and ρ the variability is minimal and, therefore, the
whiskers are barely visible. Experimental values [36, 37] are shown as black dashed line
for better comparison.

Water Examining the results for water, see figure 4.4, the largest deviation between
the initial 1 ns simulation and the five production runs is observed for κ, Cp and α, using
ANI-2x. In contrast, both FF and MACE-OFF show only minor differences between
the single initial and the later five production runs for all properties. This suggests that
these models produce more stable and converged estimates for water even with shorter
sampling times.

All properties which showed lack of convergence, like κ, Cp and α, in figure 4.1, also have
significant discrepancies between initial and production runs (figure 4.4). For properties
such as △Hvap and ρ where the values converge well, no substantial differences are
observed.

None of the three examined models exactly match the experimental data. However,
FF is the closest with little to no standard deviation. MACE-OFF23(S) has a very
small standard deviation across all properties as well, but it greatly overestimated the
values of ρ and Cp and underestimates the value of κ with respect to the experiment.
ANI-2x, on the other hand, has large standard deviations and poorly reproduces κ and
Cp, respectively.

Figure 4.4: Averaged result with error bars for the condensed phase properties of wa-
ter. FF is shown in red, ANI-2x in green, MACE-OFF23(S) in orange, the
experimental data points are depicted in black and the results of the initial
simulation if included is depicted with a grey ×. Each dot with whiskers
denotes the mean and standard deviation of five independent 1 ns NPT
simulations.

Benzene What stands out for the benzene system (see figure 4.5) is that the values
from the initial simulation agree very well with those from the production runs for all
properties, except α. For α, the initial values are consistently higher than the production
values.
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However, none of the models shows good agreement with the experimental data. All
properties are either significantly over or underestimated. Only △Hvap predicted by
ANI-2x is close to the experimental reference.

Figure 4.5: Averaged result with error bars for the condensed phase properties of ben-
zene. FF is shown in red, ANI-2x in green, MACE-OFF23(S) in orange, the
experimental data points are depicted in black and the results of the initial
simulation if included is depicted with a grey ×. Each dot with whiskers
denotes the mean and standard deviation of five independent 1 ns NPT
simulations.

n-Hexane For n-hexane (see figure 4.6) the values from initial and production runs
show good agreement across nearly all properties and systems. However, noticeable
discrepancies are observed for Cp in FF, as well as for △Hvap and κ in MACE-OFF23(S). In
contrast, ANI-2x demonstrates consistency between the initial and production simulations
for all properties examined. Regarding the standard deviation, only MACE-OFF23(S)’s
properties κ, Cp, α show large whiskers. FF and ANI-2x on the other hand, hardly show
any.

FF has the best agreement with experimental data, △Hvap, κ, α, and ρ are reproduced
with good accuracy. ANI-2x only shows agreement for κ, α, while △Hvap, Cp, and ρ
strongly deviated from the experiment. MACE-OFF23(S) does not show agreement at
all, with △Hvap being the closest to the experiment.

Besides these observations note, that the △Hvap has always little to no standard
deviation in all three systems and also always agrees with the initial simulation. The
reason is that △Hvap is the mean energy averaged over all molecules in the system.

4.2 Diffusion

Figure 4.7 presents the logarithm of the self-diffusion coefficients of water, benzene and
n-hexane (log(D)). The corresponding raw data is listed in table 10 in the appendix.
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Figure 4.6: Averaged result with error bars for the condensed phase properties of n-
hexane. FF is shown in red, ANI-2x in green, MACE-OFF23(S) in orange,
the experimental data points are depicted in black and the results of the initial
simulation if included is depicted with a grey ×. Each dot with whiskers
denotes the mean and standard deviation of five independent 1 ns NPT
simulations.

The classical FF has the best overall agreement with experimental data across water,
benzene and n-hexane. Notably, MACE-OFF23(S) closely reproduces the experimental
diffusion coefficient for water, outperforming the FF in this specific case. While the FF
slightly overestimates the diffusion of water, this behavior is well documented and within
the expected limits [38]. In contrast, ANI-2x significantly underestimates the self-diffusion
coefficient for water, with a deviation of almost three orders of magnitude. ANI-2x and
MACE-OFF23(S) follow the same trend when comparing the self-diffusion coefficient
of benzene and n-hexane. Both underestimate the diffusion by one and two orders of
magnitude, respectively. In comparison, FF performs very well for both benzene and
n-hexane, showing excellent agreement with experimental data.

Figure 4.7: Logarithmic self-diffusion coefficient of all three systems, water, benzene and
n-hexane, from the 3.5 ns NVT simulation run. FF is shown in red, ANI-2X
in green, MACE-OFF23(S) in orange. The experimental value were obtained
from [39] and are depicted in black.
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4.3 Radial distribution function

Figures 4.8, 4.9 and 4.10 show the RDF (see Eq. 2.9) of each molecules’ atom pair combin-
ations. The color coding used here is the same as throughout chapter 4. Experimentally
determined RDFs are available only for water[40]. Nevertheless, it seems interesting to
compare the RDFS for the two organic liquids obtained by FF, ANI-2x, and MACE,
respectively.

Water Figure 4.8 shows the atom pair RDFs of water (hydrogen-hydrogen, oxygen-
hydrogen, oxygen-oxygen). The most striking feature is that RDFs obtained with ANI-2x
are significantly more compact in structure than FF and MACE-OFF23(S). The RDFs
of hydrogen-hydrogen and oxygen-oxygen clearly show that the maxima and minima of
ANI-2x are much more pronounced than the experiment. In the oxygen-hydrogen RDF,
this overpronunciation is only visible for the first maximum. FF and MACE-OFF23(S)
are closer to the experiment [40] in all three figures. However, FF and MACE-OFF23(S)
RDFs are closer to each other than the respective model is to the experiment, in particular
in the hydrogen-hydrogen and oxygen-oxygen plots. In the oxygen-hydrogen plot FF
aligns closely with the experiment, although MACE-OFF23(S) is also a good fit.

Figure 4.8: RDF of possible atom pairs in water are shown from left to right:
RDF(hydrogen-hydrogen), RDF(oxygen-hydrogen), RDF(oxygen-oxygen);
The RDFs were computed from the first of five 1 ns repeats of the NPT
trajectory of the production simulation.

Benzene Figure 4.9 shows the atom pair RDFs of benzene (hydrogen-hydrogen, carbon-
hydrogen, carbon-carbon). Due to the absence of experimental data, only differences
between models can be characterized.

Neither the hydrogen-hydrogen nor the carbon-hydrogen plots have clearly visible
maxima or minima for FF and ANI-2x. MACE-OFF23(S) on the other hand has clearly
distinguishable first peaks in both plots, which are both below but near unity. This first
maximum is nearly completely absent in FF and ANI-2x in both plots. Interestingly, in
the hydrogen-hydrogen plot all three model align nearly perfectly till 12 Å, starting from
the first minimum of MACE-OFF23(S). The carbon-carbon RDF is the most structured
one of all plots. ANI-2x and MACE-OFF23(S) show a small maximum in the beginning
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which gets more pronounced for the second and third maximum (same for the minima).
FF does not have a clear first minimum and the second and third maximum are only
separated through a small local minimum. According to the carbon-carbon RDFs, all
three models start to align at the third minimum at about 7 Å.

Figure 4.9: RDF of possible atom pairs in benzene are shown from left to right:
RDF(hydrogen-hydrogen), RDF(carbon-hydrogen), RDF(carbon-carbon); The
RDFs were computed from the first of five 1 ns repeats of the NPT trajectory
of the production simulation.

n-Hexane Figure 4.10 shows the atom pair RDFs of n-hexane (hydrogen-hydrogen,
carbon-hydrogen, carbon-carbon). As for benzene, we can only compare the RDFs between
the models. For the hydrogen-hydrogen plot, ANI-2x and MACE-OFF23(S) show good
accordance over the whole distance. Whereas these two have clear maxima, whereas
the FF RDF has no visible maximum at the distance 3 Å. In the carbon-hydrogen plot,
MACE-OFF23(S) has a peak at around 3 Å, whereas FF and ANI-2x only have shoulders.
In the carbon-carbon plot, all three models have a noticeable first peak. Nevertheless,
the distance of the maximum is at a clearly greater distance of around 5 Å. Furthermore,
the carbon-carbon plot displays an oscillation around unity, indicating a more distinctive
structure than can be observed in the other two discussed plots.

4.4 Performance

Table 4.1 lists the computational cost of the three systems water, benzene and n-hexane,
simulated with the three models FF, ANI-2x and MACE-OFF23(S). The simulations for
FF were carried out in OpenMM’s mixed precision mode, for ANI-2x and MACE-OFF23(S)
they were carried out on NVIDIA RTX 4090 GPUs using double precision floating point
arithmetic (float64). The numbers were taken from the last 5 ps of simulations, as there
was no further change in speed at this point. Comparing the costs of systems for each
model, one sees that within the same model the costs are always in the same range.
Nevertheless, the slight cost differences are due to the number of atoms in each box.
Benzene has the fewest atoms and the lowest costs followed by water and then n-hexane,
which has the most atoms and highest costs.
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Figure 4.10: RDF of possible atom pairs in n-hexane are shown from left to right:
RDF(hydrogen-hydrogen), RDF(carbon-hydrogen), RDF(carbon-carbon);
The RDFs were computed from the first of five 1 ns repeats of the NPT
trajectory of the production simulation.

water benzene n-hexane

N molecules 572 130 98
N atoms 1716 1560 1960

NPT + L

FF 38.7 38.9 32.6
ANI-2x 1.34 1.61 1.10
MACE-OFF23(S) 0.19 0.241 0.185

NVT + NH

FF 23.8 24.2 19.9
ANI-2x 0.738 0.85 0.576
MACE-OFF23(S) 0.11 0.124 0.0955

Table 4.1: The computational costs of the simulations in [ns/day]. NPT simulations
were carried out using a Langevin integrator, the NVT simulations with a
Nose-Hoover thermostat. N denotes the number of molecules/atoms in each
system. FF simulations were executed in OpenMM’s mixed precision mode,
ANI-2x and MACE-OFF23(S) on NVIDIA RTX 4090 GPUs using double
precision floating point arithmetic (float64 )
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Much bigger differences are noticeable when comparing models with each other. Here
it is only useful to compare ANI-2x with MACE-OFF23(S), because FF simulations were
very fast and there would have been no need to run them on a GPU. One clearly sees that
MACE-OFF23(S) has the higher costs and, therefore, took longer than ANI-2x. Using
hexane as example in a 1.1 ns NPT ensemble simulation, ANI-2x ran 24 hours, while the
simulation with MACE-OFF23(S) took 142 hours, i.e., almost 6 days. Comparing the
simulations using Nose-Hoover with the ones using Langevin, one sees that Nose-Hoover
takes twice the time compared to Langevin, indicating that the Nose-Hoover integrator is
much less efficient. We note that the overhead of Nose-Hoover compared to Langevin
dynamics is present also in the FF calculations, i.e., it has nothing to do with the use of
an NNP. The longest simulation in this thesis was conducted with NVT+NH ensemble
for n-hexane and ran for 880 hours, which is equivalent to approximately 36 days. Table
4.1 proves that the computational costs are dependent on the model and the integrator,
but not so much on the molecule.

4.5 Discussion of Results

The results show that the investigated models do not only differ in the values of ther-
modynamic properties but also strongly in their convergence behavior. Some models
(and systems) reach stable averages within the initial simulation, while others converge
slowly or not at all in the respective time. This leads to significant discrepancies between
initial and production simulations, as well as statistical inaccuracy. The differences in the
required equilibration length can be directly linked to the self-diffusion coefficients.

In particular, according to figure 4.1, the simulation of water using the ANI-2x model
does not show convergence. The properties obtained from the initial and production
runs differ substantially and the five repetitions of the production run exhibit a large
standard deviation (see figure 4.4). By contrast, the water simulations executed with FF
and MACE-OFF23(S) show good convergence. The self-diffusive coefficient as depicted
in figure 4.7 further supports these observations. For ANI-2x the value is approximately
three orders of magnitude slower than the experiment and also the ones obtained from the
FF and MACE-OFF23(S) simulations. Comparing the investigated NNPs, the MACE-
OFF23(S) model produces more stable and converged results, whereas ANI-2x needs a
longer equilibration time.

Similar patterns as for water can also be observed with n-hexane. Here, the simulations
with MACE-OFF23(S) show large standard deviations for the properties κ, Cp and α (see
fig. 4.6). In addition, one sees in figure 4.3 that these properties do not converge, after 1
ns they still show a descending trend. On the other hand, the simulations with FF and
ANI-2x show good convergence and therefore also a very good agreement of the initial
and production runs, with very little standard deviation. This is the case even though
the self-diffusive coefficient is 1.5 orders of magnitude slower for MACE-OFF23(S) and
about two orders of magnitude slower for ANI-2x compared to the experiment.

Benzene is the most challenging system in this study. Even though figure 4.2 does
not show convergence for all three models for properties, such as Cp, figure 4.5 shows
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good agreement between initial and production run as well as only a small standard
deviation. Looking again at figure 4.2, α seems to have converged, but figure 4.5 shows
larger standard deviation and the agreement between initial and production run is not
good. The self-diffusive coefficient is one order of magnitude slower for both ANI-2x and
MACE-OFF23(S) compared to FF and the experimental value.

Finally, the densities of the systems are of interest. The FF model shows the best
agreement, with a deviation less than 3% compared to the experiment. Adequate behavior
is observed for ANI-2x, with n-hexane being a notable exception, where the density is
overestimated by about 13%. MACE-OFF23(S), on the other hand, predicts densities
that are too high for all the examined systems. The densities for water, benzene and
n-hexane are overestimated by 12%, 16% and 18%, respectively.

The observations between convergence behavior and consistency across simulation
lengths highlights the importance of adequate equilibration time. The self-diffusive
coefficient on the other hand can be a useful indicator of whether a system can reach
equilibrium in a reasonable amount of time. Slow diffusion leads to longer simulation
times, which can can be unacceptable for most applications. In case of ANI-2x water, the
equilibration time would be three orders of magnitude longer.
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The motivation behind this work was to assess whether NNPs can replace classical FF
in terms of accuracy and computational efficiency. The examined NNPs ANI-2x and
MACE-OFF23(S) promise quantum mechanical accuracy at reduced computational costs.
Given that these NNPs were trained on small molecules and small clusters only, the
research question to be addressed was whether these models are transferable to larger
homogeneous systems. As anticipated, we identified several limitations. Our results
show that transferability remains a major challenge as the models struggle to reproduce
thermodynamic or structural properties across examined systems. The performance of
the investigated NNPs in bulk systems does not yet satisfy the requirements for larger
heterogeneous simulations.

It is important to emphasize that the training datasets of the ANI-2x and MACE-
OFF23(S) models differ substantially. The ANI-2x model was trained using only extremely
small water clusters, whereas MACE-OFF23(S) already includes clusters of up to 50 water
molecules. These differences likely contribute to the poor performance of ANI-2x in water
simulations. Due to these differences, it is impossible to conclude which NNP architecture
is significantly better than the other. A fair comparison would require training of the
two architectures using the same dataset. The slow convergence of ANI-2x and partially
MACE-OFF23(S) limits their practical applicability. Additionally, MACE-OFF23(S)
has limitations in predicting the density, as it consistently overestimates it by at least
12%. Ultimately, the high computational costs of both NNP models are also a significant
obstacle to simulating larger heterogeneous systems like proteins in aqueous solutions.

Reaching the long-term goal of simulating large heterogeneous systems with NNPs at
quantum mechanical accuracy and reasonable computational cost, therefore, seems still a
long way down the road. Further progress is needed in several areas, most importantly in
the complexity and variations of training datasets. Instead of only including small clusters
of the same species, the datasets should be expanded with bulk properties, solvated
complexes and conformations of molecules not being in the global (or a local) energetic
minimum. Advances in computational hardware will make it easier to deal with larger
datasets at reasonable costs. The major challenge that remains is still the creation of
datasets that can accurately represent the structural and thermodynamic properties of
condensed phase systems. A combination could hopefully improve the transferability of
NNPs.

ANI-2x and MACE-OFF23 are so-called second generation NNPs [41] which only
consider short-range interactions. Newer generations of NNPs will include long-range
interaction such as electrostatics and dispersion which could improve the performance in
condensed-phase systems. During FF development, the calculation of condensed-phase
properties is a standard procedure. By contrast, currently, NNPs are predominantly
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validated against energies and forces, which, however, is insufficient. The need to
incorporate metrics based on the simulations, such as the condensed-phase properties, is
only slowly being recognized [13, 19, 42]. Comparison to condensed-phase properties helps
to assess whether simulations using NNPs can accurately reproduce physical behavior.
Currently, it is not possible to incorporate it directly into the training process and it
remains a separate, later validation step. While this still remains an open challenge, given
the speed at which NNP development is progressing, it is possible that within a few years
there will be NNPs that can correctly reproduce simulations with suitable thermodynamic
properties.
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Appendix

Table 1: Condensed phase properties of water for 1 ns initial simulation run of FF,
ANI-2x and MACE-OFF23(S).

Water ∆Hvap[kJ/mol] κ[10−4/bar] Cp[cal/g/K] α[10−2/K] ρ[g/mL]

Experiment 43.99 0.45 0.99 0.03 0.997

FF 43.49 0.52 1.06 0.10 1.01
ANI-2x 79.92 0.71 2.08 -0.28 1.00
MACE-OFF23(S) 47.79 0.26 1.64 0.09 1.12

Table 2: Relative error (eq. 3.3) of water for 1 ns initial simulation run of FF, ANI-2x
and MACE-OFF23(S).

Water ∆Hvap κ Cp α ρ

FF -0.01 0.16 0.07 2.33 0.01
ANI-2x 0.82 0.58 1.10 -10.33 0.00
MACE-OFF23(S) 0.09 -0.42 0.66 2.0 0.12
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Table 3: Condensed phase properties of water for five independent repeats of the 1 ns
production runs of FF, ANI-2x and MACE-OFF23(S).

Water ∆Hvap[kJ/mol] κ[10−4/bar] Cp[cal/g/K] α[10−2/K] ρ[g/mL]

Experiment 43.99 0.45 0.99 0.03 0.997

FF 1 43.49 0.58 0.95 0.10 1.01
FF 2 43.48 0.53 1.08 0.09 1.01
FF 3 43.47 0.54 1.08 0.08 1.01
FF 4 43.48 0.55 1.07 0.10 1.01
FF 5 43.50 0.51 1.00 0.08 1.01

FF Mean 43.48 0.54 1.03 0.09 1.01
FF Std Dev 0.01 0.02 0.06 0.01 0.00
rel. error -0.01 0.20 0.04 2.0 0.01

ANI-2x 1 80.29 0.10 1.22 0.01 0.98
ANI-2x 2 80.36 0.13 1.17 0.00 0.98
ANI-2x 3 80.22 0.27 1.19 -0.02 0.99
ANI-2x 4 80.30 0.19 1.74 -0.08 0.99
ANI-2x 5 80.27 0.16 1.29 -0.03 0.98

ANI-2x Mean 80.29 0.17 1.32 -0.03 0.98
ANI-2x Std Dev 0.05 0.07 0.24 0.04 0.00
rel. error 0.83 -0.62 0.33 -2.0 -0.02

MACE-OFF23(S) 1 47.80 0.30 1.79 0.12 1.12
MACE-OFF23(S) 2 47.80 0.28 1.60 0.09 1.12
MACE-OFF23(S) 3 47.79 0.30 1.69 0.11 1.12
MACE-OFF23(S) 4 47.79 0.28 1.72 0.10 1.12
MACE-OFF23(S) 5 47.83 0.29 1.76 0.10 1.12

MACE-OFF23(S) Mean 47.80 0.29 1.71 0.10 1.12
MACE-OFF23(S) Std Dev 0.02 0.01 0.07 0.01 0.00
rel. error 0.09 -0.36 0.73 2.33 0.12

Table 4: Condensed phase properties of benzene for 1 ns initial simulation run of FF,
ANI-2x and MACE-OFF23(S).

Benzene ∆Hvap[kJ/mol] κ[10−4/bar] Cp[cal/g/K] α[10−2/K] ρ[g/mL]

Experiment 33.83 0.97 0.42 0.11 0.88

FF 31.68 1.20 1.15 0.18 0.84
ANI-2x 33.61 0.63 1.06 0.10 0.93
MACE-OFF23(S) 35.68 0.71 1.26 0.16 1.02
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Table 5: Relative error (eq. 3.3 of benzene for 1 ns initial simulation run of FF, ANI-2x
and MACE-OFF23(S).

Benzene ∆Hvap κ Cp α ρ

FF -0.06 0.24 1.74 0.64 -0.04
ANI-2x -0.01 -0.35 1.52 -0.09 0.06
MACE-OFF23(S) 0.05 -0.27 2.00 0.45 0.16

Table 6: Condensed phase properties of benzene for five independent repeats of the 1 ns
production runs of FF, ANI-2x and MACE-OFF23(S).

Benzene ∆Hvap[kJ/mol] κ[10−4/bar] Cp[cal/g/K] α[10−2/K] ρ[g/mL]

Experiment 33.83 0.97 0.42 0.11 0.88

FF 1 31.74 1.25 1.02 0.15 0.85
FF 2 31.71 1.18 1.03 0.14 0.85
FF 3 31.68 1.17 1.15 0.17 0.85
FF 4 31.70 1.05 1.01 0.13 0.85
FF 5 31.67 1.28 1.04 0.16 0.84

FF Mean 31.70 1.19 1.05 0.15 0.85
FF Std Dev 0.03 0.09 0.06 0.02 0.00
rel. error -0.06 0.23 1.50 0.36 -0.03

ANI-2x 1 33.67 0.61 1.07 0.09 0.93
ANI-2x 2 33.63 0.58 1.05 0.07 0.93
ANI-2x 3 33.50 0.54 1.08 0.06 0.93
ANI-2x 4 33.60 0.63 1.05 0.08 0.93
ANI-2x 5 33.59 0.60 1.09 0.08 0.93

ANI-2x Mean 33.60 0.59 1.07 0.08 0.93
ANI-2x Std Dev 0.06 0.03 0.02 0.01 0.00
rel. error -0.01 -0.40 1.55 -0.27 0.06

MACE-OFF23(S) 1 35.38 0.69 1.21 0.14 1.02
MACE-OFF23(S) 2 35.45 0.67 1.12 0.12 1.02
MACE-OFF23(S) 3 35.72 0.80 1.21 0.19 1.02
MACE-OFF23(S) 4 35.79 0.66 1.11 0.12 1.03
MACE-OFF23(S) 5 35.62 0.76 1.25 0.17 1.02

MACE-OFF23(S) Mean 35.60 0.72 1.18 0.15 1.02
MACE-OFF23(S) Std Dev 0.18 0.06 0.06 0.03 0.00
rel. error 0.05 -0.26 1.81 0.36 0.16
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Table 7: Condensed phase properties of n-hexane for 1 ns initial simulation run of FF,
ANI-2x and MACE-OFF23(S).

n-hexane ∆Hvap[kJ/mol] κ[10−4/bar] Cp[cal/g/K] α[10−2/K] ρ[g/mL]

Experiment 31.52 1.67 0.54 0.14 0.655

FF 32.12 1.91 1.40 0.17 0.65
ANI-2x 28.62 2.17 1.58 0.22 0.74
MACE-OFF23(S) 33.10 3.79 2.19 0.53 0.79

Table 8: Relative error (eq. 3.3 of n-hexane for 1 ns initial simulation run of FF , ANI-2x
and MACE-OFF23(S).

n-hexane ∆Hvap κ Cp α ρ

FF 0.02 0.14 1.59 0.21 -0.01
ANI-2x -0.09 0.30 1.93 0.57 0.13
MACE-OFF23(S) 0.05 1.27 3.05 2.79 0.21
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Table 9: Condensed phase properties of n-hexane for five independent repeats of the
1 ns production runs of FF, ANI-2x and MACE-OFF23(S).

n-hexane ∆Hvap[kJ/mol] κ[10−4/bar] Cp[cal/g/K] α[10−2/K] ρ[g/mL]

Experiment 31.52 1.67 0.54 0.14 0.655

FF 1 32.21 1.90 1.61 0.18 0.65
FF 2 32.11 1.75 1.59 0.17 0.65
FF 3 32.29 1.77 1.55 0.15 0.65
FF 4 32.23 1.98 1.64 0.20 0.65
FF 5 32.06 1.70 1.56 0.17 0.65

FF Mean 32.18 1.82 1.59 0.17 0.65
FF Std Dev 0.09 0.12 0.04 0.02 0.00
rel. error 0.02 0.09 1.94 0.21 -0.01

ANI-2x 1 28.45 1.92 1.57 0.17 0.74
ANI-2x 2 28.45 1.98 1.68 0.23 0.74
ANI-2x 3 28.47 1.79 1.61 0.20 0.74
ANI-2x 4 28.35 2.30 1.80 0.25 0.74
ANI-2x 5 28.48 2.00 1.55 0.19 0.74

ANI-2x Mean 28.44 2.00 1.64 0.21 0.74
ANI-2x Std Dev 0.05 0.19 0.10 0.03 0.00
rel. error -0.10 0.20 2.04 0.50 0.13

MACE-OFF23(S) 1 32.61 2.65 1.93 0.35 0.78
MACE-OFF23(S) 2 32.60 3.57 1.84 0.39 0.78
MACE-OFF23(S) 3 32.34 5.05 2.29 0.66 0.77
MACE-OFF23(S) 4 32.88 3.23 2.00 0.46 0.79
MACE-OFF23(S) 5 32.53 7.70 2.37 0.80 0.78

MACE-OFF23(S) Mean 32.59 4.44 2.09 0.53 0.78
MACE-OFF23(S) Std Dev 0.20 2.03 0.23 0.19 0.01
rel. error 0.03 1.66 2.87 2.79 0.19

Table 10: Self-diffusion coefficient from 3.5 ns NVT simulation and the experiment [39]

D [10−9 m2/s] Experiment FF ANI-2x MACE-OFF23(S)

water 2.29 5.35 2.88 ∗10−3 2.19
benzene 2.15 1.30 2.43 ∗10−1 2.26 ∗10−1

n-hexane 4.14 3.15 4.05 ∗10−2 1.14 ∗10−1
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