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Through Rainbow-Tinted Glasses:
Machine Learning-Driven Modeling of Chromophores

ERIC LINDGREN
Department of Physics and Astronomy
Chalmers University of Technology

Abstract

Chromophores are a class of molecules that give color to the world around us, from the
chlorophyll inplants that enablesphotosynthesis to the retinalmolecules inoureyes that
allow us to see. Chromophores are also fundamental for developing a range of technolo-
gies crucial for a transition to a sustainable society, including photovoltaics and energy
storage. While chromophores have been widely studied experimentally, we still lack a
sufficient understanding of their structure and dynamics on the atomic scale. In par-
ticular, many chromophores are glass formers or form supramolecular aggregates due
to intermolecular interactions, leading to a complicated landscape of interactions span-
ningmany time and length scales. Addressing this limitation requires atomistic simula-
tions capable of connecting microscopic dynamics to experimentally measurable quan-
tities. In this spirit, this thesis presents a simulation framework that links electronic
structure calculations viamolecular dynamics simulations to experiments, with a focus
on neutron scattering.

The key ingredient in this framework is machine-learned interatomic potentials, en-
abling simulations with the accuracy of quantummechanical calculations for large sys-
tems of chromophores. Methodological developments focus on the neuroevolution po-
tential framework implemented in the GPUMD package. A major contribution is the
development of the CALORINE package, which is a companion software for GPUMD that
interfaces with the broader scientific software ecosystem.

The framework is applied to three challenging applications: glass formation, optical
response, and neutron scattering. First, glass formation occurs beyond timescales ac-
cessible to molecular dynamics simulations, and this limitation is circumvented by ex-
trapolating relaxation processes from nanoseconds to experimental timescales using
Bayesian regression. Second, optical properties are obtained by using the neuroevo-
lution potential framework to predict tensorial properties such as the dipole moment,
or spectral quantities such as the electronic dielectric function. Finally, instrument-
specific inelastic neutron scattering signatures are predicted using electronic structure
calculations,machine learning, andcorrelation functions. Together, thesedevelopments
establish a framework for connecting atomistic simulations with experimental observ-
ables, enabling modeling of chromophores over multiple time and length scales. The
framework is transferable and directly applicable to other systems.

Keywords: chromophores, machine learning, machine-learned interatomic potentials,
molecular dynamics, neutron scattering, optical absorption, foundationmodels
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1
Introduction

There is somethingmesmerizingabout colors. Their alluringappeal has fascinatedman-
kind throughout history, including the modern materials scientist. This is not without
reason. A colorful substance is not only pretty to look at but promises interesting opti-
cal properties that can be used in devices. One class of organic molecules that live up
to this promise are chromophores, from the ancient Greek for “color-bearer”, reflecting
the role of the part of a molecule responsible for color. Naturally occurring examples
include chlorophyll, enabling photosynthesis in plants, retinal molecules in our eyes fa-
cilitating vision, and𝛽-carotene, responsible for the orange color of carrots and autumn
leaves. The color arises from conjugated systems, 𝜋-bonded atoms overwhich electrons
are delocalized [1, Chapter 7]. The extent of the systemdetermines thewavelength of in-
coming light that is absorbed, acting as a mini-antenna.

Chromophores seldomcomealone; they tend toaggregate [2–4], for example through
𝜋–𝜋-stacking between neighboring molecules. These groupings are known as supra-
molecular aggregates, formed through intermolecular interactions between molecules.
Intermolecular interactions are relatively weak compared to the covalent bonds within
individualmolecules (intramolecularbonds), andaremediatedbyelectrostaticCoulomb
interaction, hydrogen bonding, or van der Waals forces [5]. The combination of intra-
and intermolecular interactions in chromophores leads to a veritablemosh pit of atoms
[6], with a broad range of relevant time and length scales. These span from atomic vi-
bration and torsion ofmolecules on the order of Ångström and picoseconds, tomolecu-
lar aggregation and glass formation over micrometers and hours. Crucially, these pro-
cesses affect the structure and optical properties of chromophores, which in turn influ-
ence device performance and the material’s industrial processability. Chromophores
play a key role in the transition to a sustainable society, with applications including
organic semiconductors [7–9], notably solar cells [10–12] and organic light-emitting
diodes [13–15], as well as solar thermal storage systems [16–21], all relying on tunable
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Chapter 1. Introduction

optical properties. Computer simulations can help shed light on the structure and dy-
namics of chromophores, which hold the key to controlling their optical properties.

Simulating thesemultiscale systems is computationallydemandingandrequires com-
bining multiple techniques. Molecular dynamics (MD) simulations can capture multi-
scale dynamics up to microseconds, but their predictive power depends on force accu-
racy. Traditionally, forces are obtained either from empirical interatomic potentials
with limited transferability, or from accurate but computationally expensive electronic-
structure calculations suchasdensity functional theory (DFT).Over the last twodecades,
machine-learned interatomic potentials (MLIPs) have emerged as a compelling solu-
tion [22–28], providing near-DFT accuracy at the cost of empirical interatomic poten-
tials. AccurateMDsimulations canbedirectly compared to experiment through correla-
tion functions, linking, e.g., neutron scattering to the time-dependent particle density,
and infrared and Raman spectroscopy to the dipole moment and polarizability. In this
framework, machine learning (ML) bridges simulations and experiments, improving
our understanding of the interplay between structure, dynamics, and optical proper-
ties in chromophores.

Perylene
C20H12

Theaimof this thesis is to develop a simulation framework combiningMDandMLIPs
based on the neuroevolution potential (NEP) framework to study the structure and dy-
namics of chromophores, and connect these results to experimental observables. Pery-
lene-basedchromophores (C20H12) forman idealmodel system,due to their tendency to
aggregate, their relatively simple molecular structure allowing side-chains and substi-
tutions, and their extensive experimental characterization. Three main research ques-
tions are in focus:

What is the accuracy and reliability of NEP models for capturing intra- and inter-
molecular interactions in perylene derivatives?

How effectively does the simulation protocol capture the glass-forming behav-
ior of perylene derivatives?

To what degree can the simulation framework predict experimental observables
from neutron scattering and optical spectroscopy?

This thesis consists of five main chapters, and a summary and outlook. Chapter 2
discusses the relation between chromophore structure, dynamics, and device perfor-
mance, followed by Chapter 3, which focuses on MD simulations and the link to exper-
iments via correlation functions. Chapter 4 details the theory of MLIPs with a specific
focus on theNEP framework, while Chapter 5 and Chapter 6 showcase two applications
of the workflow, predicting optical signatures and neutron scattering experiments, re-
spectively. The thesis concludes with a summary and outlook on further developments.
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2
Applications of perylene-based

chromophores and organic glasses

As usual, computer simulations are a priori severely limited in
such an endeavour.

Modern computational studies of the glass transition
Berthier et al. Ref. [29]

This chapter discusses the interplay between intermolecular interactions and optical
performance in chromophores, viewed through the lensof organic solar cells (OSCs) and
organic light emitting diodes (OLEDs) as example applications. Extra emphasis will be
placedonhowmolecular aggregationandglassydynamics jointly control optoelectronic
performance and industrial processability through atomic-scale interactions (Fig. 2.1).

2.1 Chromophores for organic electronic devices
Perylene-based chromophores belong to the broader class of organic semiconductors,
which in recent decades have garnered significant attention in electronics manufactur-
ing due to their natural abundance, low-cost production through techniques such as
roll-to-roll printing, and mechanical flexibility allowing, e.g., devices to be integrated
into clothing [30–33]. Optoelectronic performance is of central importance in applica-
tionsof organic semiconductors, and is governedby the interactionsbetweenmolecules.
Intermolecular interactions influence molecular aggregation, ultimately affecting how
the system couples to and interacts with light. Two representative device classes that
highlight this interplay between structure and optoelectronic properties are OSCs and
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Chapter 2. Applications of perylene-based chromophores and organic glasses

Figure 2.1: (a) Perylene (C20H12), themolecule considered as a prototype system in this thesis. (b)
A schematic of the interplay betweenmolecular structure, aggregation, and dynamics, and how
these affect application performance in perylene-based organic semiconductors. These proper-
ties are interlinked; device performance and industrial processability set requirements on the
molecular structure and dynamics, which in turn feed back into the optoelectronic properties.
A simulation framework for chromophores must therefore integrate molecular structure, pack-
ing, dynamics, and optoelectronics in order to model the nuances of organic semiconductors.

OLEDs. The basic operating principles in these two types of devices are complementary,
and can at a high level be viewed as each other’s opposites; an OLED is an OSC run in
reverse, with visible light emission instead of absorption.

The central component of an OSC is the active light-absorbing material, which often
is a chromophore. The specific chromophore can vary, ranging from small molecules
such as perylenediimide [12, 34–36], via larger molecules such as the Y6-family [37, 38],
to polymers such as p-phenylene vinylene [39, 40] (Fig. 2.2a). The optical band gap de-
termines which parts of the incoming sunlight are absorbed¹; photons with an energy
above the band gap will be absorbed, exciting an electron from the valence band to the
conduction band, forming a localized electron-hole pair known as an exciton. A second
semiconductor with a lower-lying conduction band than the light absorbingmaterial is
then introduced, acting as an electron acceptor that splits the exciton into a free elec-
tron and a free hole that generate a current. Examples of acceptor materials include
fullerenes [31, 39], polymers, andmolecules such as ITIC and Y6 [41] (Fig. 2.2b).

¹The optical absorption coefficient is a frequency-dependent quantity determined by the electronic
dielectric function, which we will return to in Chapter 5.
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2.1. Chromophores for organic electronic devices

Figure 2.2: (a) Examples of light absorbing materials and (b) electron acceptor materials. (c)
Schematic of the exciton splitting in OSCs, where the exciton formed by the electron-hole pair
is split and the electron is transferred to the electron acceptor. 𝐸𝑔 refers to the optical band gap.

Theelectron acceptor and light absorbingmaterial are typicallymixed to formablend
known as a bulk heterojunction, in order to facilitate efficient exciton splitting and thus
highdevice performance. It is important to control the positions andorientations of the
donor- and acceptor molecules in the blend, i.e., the morphology of the blend, for opti-
mal solar cell performance [41, 42]. For example, perylene-based acceptors like perylene-
diimide tend to self-assemble into large supramolecular aggregates [35, 43, 44], decreas-
ing the solubility and the effective interface size between the acceptor and donor mole-
cules, leading to a decrease in the exciton-splitting efficiency. One strategy for control-
ling self-assembly is side-group engineering, where side-groups are grafted onto the
core molecule in order to reduce or enhance intermolecular interactions [4, 45]. How-
ever, side-group engineering might have adverse effects; in perylene-based chromo-
phores this can lead to a twisting of the perylene core, in turn affecting the charge-
transport properties of the material, which benefit frommolecules being packed closer
together [46]. This tradeoff between solubility and charge transfer can be observed in
many electron acceptor/donor systems [31]. Controlling the supramolecular structure
is thus key when designing improved OSCs, which in turn demand controlling the in-
teractions between the molecules in the cell [42].

Controlling molecular morphology is also key in designing efficient OLEDs that only
emit light in a narrow band around the desired frequency [47, 48]. In an OLED, an ex-
ternally applied voltage injects electrons and holes from the cathode and anode, respec-
tively, whichwillmove through thedevice and formexcitons in the photoactive emissive
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Chapter 2. Applications of perylene-based chromophores and organic glasses

layer. These excitons then recombine, emitting a photon with a frequency determined
by the band gap of the chosen chromophore. Supramolecular aggregation through 𝜋-𝜋-
stacking can decrease the efficiency of the OLED, andmolecular rearrangement as well
as intramolecular vibrations can lead to a broadening of the emitted spectra [48].

As we have seen, intermolecular interactions play a key role for controlling the opto-
electronic performance of OLEDs and OSCs, as in many other applications of organic
semiconductors. Semiconductordesign therefore requires anatomic-scaleunderstand-
ing of structure and dynamics. In the next section, we will turn to how the interplay
between electronic properties andmolecular structure can be modeled.

2.2 Molecular structure affects electronic properties
Theapplications of chromophores in OLEDs andOSCs highlight the importance of con-
trolling molecular aggregation to achieve high device performance. Accurate theoreti-
calmodelsdescribinghowaggregation influencesoptical responseare thereforeneeded.
Already in the 1960s,Kashaproposed the theoryofH–Jaggregates, basedon theCoulomb
coupling between two molecules [49–52]. Compared to the single molecule, Coulomb
coupling leads to a splitting of the 𝑆1 excited state into 𝑆↑↑1 and 𝑆↑↓1 in a dimer. However,
only one of these excited states will be optically visible, depending on the configuration
of the two molecules. In a face-to-face configuration, known as an H-aggregate, the
higher energy state with parallel dipole moments 𝑆↑↑1 is visible, leading to a blue shift
to higher energies of the 𝑆0 → 𝑆1 transition compared to the free monomer (Fig. 2.3b).
Arranging themolecules head-to-tail results in a J-aggregate, inwhich the 𝑆0 → 𝑆1 tran-
sition is red-shifted compared to the freemonomer. It is possible to transition between
these two extremes, by translating one of the molecules along the other (Fig. 2.3a).

Kasha’sH-J theory canbeextended toaggregates containingmore than twomolecules,
as well as to include more excited states 𝑆2, 𝑆3, ... [52]. However, although H-J theory
has been successful in qualitatively describing the optical properties of chromophore
aggregates, it fails to describe the dynamic, disordered, and vibronically coupled aggre-
gates encountered in real devices. Specifically, the vibrations of the atoms within the
molecule, wavefunction overlap, and charge transfer between neighboring molecules
are neglected. A number of theoretical approaches have been developed to incorpo-
rate these effects, often focusing on either vibrations or electronic excitations, but a
unified framework that simultaneously treats molecular structure, dynamics, and op-
tical response with atomic resolution in large, disordered systems remains challenging
[52, 57–61]. Atomistic modeling techniques such as molecular dynamics (MD) provide
a detailed description of the structure and dynamics of molecular aggregation. When
combined with electronic-structure models, and especially recent machine learning–
based approaches, such simulations offer a promising route to connecting molecular-
scale structure and dynamics with optical properties, as will be explored in Chapter 5.
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2.3. Glass dynamics in chromophores— processability and stability
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Figure 2.3: (a) Optical spectrum for a perylene dimer as a function of slip angle 𝜃, from time-
dependent density functional theory calculations performed with the VeloxChem package [53–
55] using the CAM-B3LYP functional [56] and the DEF2-SV(P) basis set. The slip angle is defined
to be 90∘ when the molecules are face-to-face, an H-aggregate, and zero when head-to-tail, a J-
aggregate. The 𝑆0 → 𝑆1 transition is red-shifted for the J-aggregates, andslightly blue-shifted for
H-aggregates, as predicted by Kasha theory. Interestingly, the lower excited state predicted to
be dark by Kasha theory is visible in the time-dependent density functional theory calculations,
highlighting the limitations of Kasha theory. (b) Schematic of a perylene dimer in an H- and
J-aggregate configuration and their corresponding spectral shifts.

2.3 Glass dynamics in chromophores—
processability and stability

Optimizing and modeling the molecular nanostructure is required for understanding
optoelectronic performance of chromophore-based semiconductors, but also for ensur-
ing their ease of manufacture, their processability, and long-term device stability. Or-
ganic semiconductors are often designed to be in an amorphous glassy state lacking
long-range order, where the molecular packing can be carefully controlled. However,
themetastable nanostructure canbedisturbedduringprocessing or operationof thede-
vice. For example, chromophore-based organic semiconductors can benefit from cheap
manufacturing techniques such as ink-jet and roll-to-roll printing, slot-die coating, or
vapor deposition, allowing for large-scale production [30, 62, 63]. Directly after pro-
cessing, the material is usually in a non-equilibrium state, and the molecular structure
will relax over time to reach a lower energy configuration, which can affect the opto-
electronic properties. Another challenge is crystallization, which drives the molecular
structure toward equilibriumand can be detrimental for both optoelectronic device per-
formance and industrial processability. Controlling the properties of organic glasses is
therefore required to effectively manufacture organic semiconductor devices.

7
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Figure2.4: (a) Schematic of threedifferent phases of organic glass formers. Thecrystallinephase
has long-range order, whilst the amorphous phase consists of aggregates ofmolecules. Depend-
ing on the specifics of the material, it will either be in the crystalline or metastable amorphous
phase at low temperatures, 𝑇 < 𝑇𝑔. The systemwill be in a disordered, liquid phase at high tem-
peratures, 𝑇 > 𝑇𝑔. (b) Angell plot of the diffusivity as a function of inverse temperature for a
strong glass former, SiO2, and a weak glass former, perylene. Correspondingly, SiO2 has a low
kinetic fragility, and perylene has a large kinetic fragility. These results were obtained fromMD
simulations, which will be the focus of Chapter 3. (c) Examples of 𝛼- and 𝛽-relaxation in liquid
perylene, simulated with MD. The 𝛼-relaxation is well described by a Vogel-Fulcher-Tammann
equation, and the 𝛽-relaxation follows Arrhenius behavior. In this case, the 𝛼 process corre-
sponds to molecular reorientation, and the 𝛽 process intramolecular atomic vibrations.

Twomain properties characterize a glass former: the glass transition temperature 𝑇𝑔
and the kinetic fragility 𝑚 [64–66]. The glass transition temperature 𝑇𝑔 is the tempera-
ture belowwhich the conformation of the glass former is essentially fixed on experimen-
tal timescales. In chromophore systems, this means thatmolecular reorganization and
polymer segmentmotion are effectively frozen below 𝑇𝑔. The characteristic timescale of
these relaxation processes, often denoted 𝜏 , increases dramatically with temperature as
𝑇𝑔 is approached from above, resulting in a slowdown of the dynamics. Consequently,
in organic semiconductor devices, 𝑇𝑔 sets an upper bound on the operational tempera-
ture, since above 𝑇𝑔 themolecular structure tuned to achieve the desired optoelectronic
properties can be disrupted whenmolecular mobility is restored [30].

The kinetic fragility𝑚 describes how the relaxation processes in the glass former slow
downwhenapproaching 𝑇𝑔 [67–69]. The fragility is definedas the slope of the relaxation
time 𝜏 , typically represented by the viscosity, of the material as 𝑇𝑔 is approached from
above [64],

𝑚 = 𝜕 log10 𝜏
𝜕(𝑇𝑔/𝑇 )

|
𝑇=𝑇𝑔

. (2.1)
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2.3. Glass dynamics in chromophores— processability and stability

Above the melting temperature the relaxation times follow Arrhenius behavior,

𝜏 (𝑇 ) = 𝜏0𝑒−𝐸𝑎/𝑘𝐵𝑇 , (2.2)

where 𝜏0 is a proportionality constant, 𝑘𝐵 is the Boltzmann constant, and 𝐸𝑎 is the ap-
parent activation energy of the process. However, when the temperature approaches
𝑇𝑔 the relaxation timemight grow faster than stipulated by the Arrhenius equation. The
kinetic fragility corresponds to the degree of deviation from Arrhenius behavior, where
a larger 𝑚 corresponds to a larger deviation (Fig. 2.4b). Such glass formers are known
as fragile glass formers. Conversely, materials with a low fragility are known as strong
glass formers. Many organic molecules, including chromophores, polymers, and phar-
maceutical molecules, are fragile glass formers, while strong glass formers include, for
example, silica, SiO2 [66, 70, 71]. Because of this deviation from Arrhenius behavior,
the relaxation time in fragile glass forming systems is often described by the Vogel–
Fulcher–Tammann (VFT) equation [64],

𝜏 (𝑇 ) = 𝜏0𝑒−𝐵/𝑘𝐵(𝑇−𝑇VF), (2.3)

where𝐵 is a pseudo-activation energy, and 𝑇VF is a constant knownas theVogel–Fulcher
temperature. Generally, the slowest relaxation process in a glassy system obeys the VFT
equation, and is known as primary or 𝛼-relaxation. This is typically a local process, en-
compassing phenomena such asmolecular rearrangement and relaxation of short poly-
mer chain segments, though some polymer glasses may also exhibit slower relaxation
of the entire polymer chain, known as normal mode relaxation [72]. Faster processes,
such as intramolecular motions like atomic vibration, generally follow the Arrhenius
equation, and do not freeze in at 𝑇𝑔. These are known as secondary or 𝛽-relaxation pro-
cesses (Fig. 2.4b) [64, 73]. Note that the VFT equation is an empirical model that may
have limited accuracywhen extrapolating to low temperatures [74]. Glass dynamics can
be modeled more explicitly using, e.g., mode coupling theory and Monte-Carlo meth-
ods [29, 75]. With this in mind, we will focus on the VFT equation due to its simplicity.

The kinetic fragility depends heavily on the interactions between molecules in the
material, and thus the glass characteristics can vary dramatically between seemingly
similar molecular systems. An example is the effect of mixing; perylene-based chro-
mophores are known to be fragile glass formers in single-component systems, but upon
mixing the fragility decreases dramatically, down to becoming a strong glass former for
eight-component mixtures [76]. Mixing is thus a method that can be exploited to engi-
neer the viscosity and related properties for processing and device stability. Another op-
tion is side-chain engineering, where alkyl side chains can be grafted onto the core chro-
mophore molecule to improve solubility in organic solvents, required for, e.g., solution
processing [30]. However, both of these options may affect the molecular aggregation
behavior and the optoelectronic properties of the material. In practice, optoelectronic
properties and industrial processability are interlinked, where optimizing one sets con-
straints on the other.
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Chapter 2. Applications of perylene-based chromophores and organic glasses

As we have seen in this chapter, intermolecular interactions determinemolecular ag-
gregation. Molecular aggregation in turn affects the optical properties, and glassy dy-
namics affects the stability and processability of the molecular aggregates. These three
aspects therefore cannot be optimized independently of each other, and we thus need a
simulation approach that encompasses atomic andmolecular structure, optoelectronic
properties, and glass dynamics. Furthermore, many of the relevant properties that we
have encountered in this chapter, such as optical response, structure, anddynamics, are
experimentally accessible through optical spectroscopy and neutron scattering. How-
ever, these experimental techniques provide ensemble-averaged information, making
it difficult to disentangle the role of specific molecular arrangements. Atomistic sim-
ulations can bridge the gap by connecting experimental observables to molecular-level
structure and dynamics, and will be the focus of the next chapter.

10



3
Simulating chromophores
with molecular dynamics

Atoms go brrr

Nicklas, 2024

In this chapterwewill acquaint ourselveswithmolecular dynamics (MD) simulations
as a tool for studying chromophore structure and dynamics. The previous chapter high-
lighted the complex intermolecular dynamics of chromophores, and the need for an ac-
curate description of these interactions to predict optical properties and glass-forming
behavior. MD is well suited to studying several of these dynamic properties, including
atomic vibrations, diffusion, andmolecular aggregate formation. Glass dynamics, how-
ever, are challenging tomodel due to the limited timescales accessible inMD (Fig. 3.1a),
and require special treatment.

We begin by describingMDwith a focus on computation of observables such as corre-
lation functions. Correlation functions selectively probe certain time and length scales,
and offer a direct link to experiments. Next, we applyMD to simulate glass formation in
perylene derivatives. The chapter concludes with a brief remark on the different meth-
ods available for extending the time scales in computer simulations beyond what is ac-
cessible in MD.

3.1 Modeling dynamics in an atomic system
MD is a simulation technique in which the position and velocity of each atom in the
system is evolved in time using small increments, the time step, Δ𝑡. At each time step,
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Chapter 3. Simulating chromophores with molecular dynamics

Figure 3.1: (a) Schematic of the different molecular interactions and relaxation processes as-
sociated with glass formation, shown relative to timescales accessible in MD. 𝐹(𝑞𝑞𝑞, 𝑡) denotes
the intermediate scattering function, a correlation function that captures the dynamics of
glass formation. 𝛼 marks the slowest collective relaxation processes that drives glass forma-
tion in the system and spans many orders of magnitude in time, while 𝛽 denote localized
and weakly temperature-dependent processes. (b) Illustration of periodic boundary conditions
(PBC). Atoms may cross the simulation box boundary (black square) and interact with periodic
images of the atoms on the other side of the cell. As long as the box is sufficiently large to avoid
self-interaction, this scheme effectively represents an infinite system.

the positions and velocities are updated according to the forces acting on each atom.
Typical simulations span 1 ps to a few nanoseconds, with a time step on the order of 1 fs.
Thermodynamicquantities such as temperature, pressure, anddensity can thenbe com-
puted from the atomicmotions. Because each atom is treated explicitly, simulations are
typically limited to millions of atoms [77–79], which in turn limits the accessible length
scales. Periodic boundary conditions (PBC) are therefore often used inMD simulations,
such that atoms crossing the boundary re-enter from the other side, approximating an
infinite systemwhen the box is sufficiently large (Fig. 3.1b).

For computational reasons, the short time step Δ𝑡 limits the time scales accessible in
the simulation (Fig. 3.1a), with the absolute longest simulations reaching roughly tens
ofmicroseconds [80–82]. This ismany orders ofmagnitude smaller than the 100 s time
scale of experimental 𝛼-relaxation. Luckily, since 𝛼-relaxation spans a broad range of
time scales and temperatures, aspects of it can be accessed in MD in some cases.

Tobemoreprecise, in a classicalMDsimulation thenuclei are treated explicitly,while
electronic structure is implicitly included through the potential energy surface (Born-
Oppenheimer approximation). Themovements of the atoms are governed by Newton’s
equations of motion [83, Chapter 3],

𝑚𝑖 ̈𝑟𝑟𝑟 𝑖 = 𝑓𝑓𝑓 𝑖 and 𝑓𝑓𝑓 𝑖 = −∇𝑟𝑟𝑟 𝑖𝜙(𝑟𝑟𝑟1, ..., 𝑟𝑟𝑟 𝑖, ..., 𝑟𝑟𝑟𝑁 ), (3.1)
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3.2. Extracting information frommolecular dynamics

where𝑚𝑖 is the mass of atom 𝑖, 𝜙(...) is the potential which is a function of the positions
of the𝑁 atoms in the system, and 𝑓𝑓𝑓 𝑖 is the total force acting on atom 𝑖.

Equation (3.1) is a second-orderdifferential equation, the solutions 𝑟𝑟𝑟 𝑖(𝑡)ofwhichyield
the trajectory for atom 𝑖. This equation can be solved using an iterative scheme known
as the Velocity-Verlet algorithm [84], which updates positions and velocities using the
acceleration 𝑎𝑎𝑎 (𝑡) at the current and next time steps,

𝑣𝑣𝑣 (𝑡 + 1
2Δ𝑡) = 𝑣𝑣𝑣(𝑡) + Δ𝑡

2 𝑎𝑎𝑎(𝑡)

𝑟𝑟𝑟 (𝑡 + Δ𝑡) = 𝑟𝑟𝑟(𝑡) + Δ𝑡𝑣𝑣𝑣(𝑡) + Δ𝑡2
2 𝑎𝑎𝑎(𝑡)

𝑣𝑣𝑣 (𝑡 + Δ𝑡) = 𝑣𝑣𝑣(𝑡) + Δ𝑡 𝑎𝑎𝑎(𝑡) + 𝑎𝑎𝑎(𝑡 + Δ𝑡)
2 .

(3.2)

The computationally expensive step in this scheme is the evaluation of forces, and in
Chapter 4 we discuss how these are obtained from interatomic potentials.

3.2 Extracting information frommolecular dynamics
We now turn to how we extract estimates of quantities of interest from the trajectory
of positions 𝑟𝑟𝑟 𝑖(𝑡) and velocities 𝑣𝑣𝑣 𝑖(𝑡) that we obtain from the Velocity-Verlet scheme in
Eq. (3.2). For a system of𝑁 atoms, the instantaneous state can be described by 3𝑁 posi-
tion and 3𝑁 velocity components, which can be collected in a 6𝑁 -dimensional vector ΓΓΓ.
ΓΓΓ is a point in the phase space of the system, with each point in phase space represent-
ing a different configuration of positions and velocities of the atoms. Any observable
𝐴(𝑡) of the system is a function of ΓΓΓ, and its equilibrium value is given by an ensemble
average taken over the entire phase space of the system,

⟨𝐴⟩ensemble = ∫ΓΓΓ𝐴(Γ
ΓΓ)𝜌ensemble(ΓΓΓ)𝑑ΓΓΓ. (3.3)

The ensemble average is aweighted average over all configurations in phase space by the
probability of observing that configuration, 𝜌ensemble(ΓΓΓ)𝑑ΓΓΓ. Computing Eq. (3.3) explic-
itly for a realistic system is computationally difficult. Luckily, if the system is ergodic,
meaning that an infinite simulation will visit every possible configuration ΓΓΓ in phase
space, we can replace the ensemble average with a time average over 𝑁𝑡 time steps of a
sufficiently long trajectory,

⟨𝐴⟩ensemble
ergodic⟺ ⟨𝐴(ΓΓΓ(𝑡))⟩𝑡 ⇒

𝐴estimate ≈ ⟨𝐴 (ΓΓΓ(𝑡))⟩𝑡 = 1
𝑁𝑡

𝑁𝑡
∑
𝑖=1

𝐴 (ΓΓΓ(𝑡𝑖)) .
(3.4)
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Chapter 3. Simulating chromophores with molecular dynamics

Theprobability of observinga specific configurationover the trajectory is𝜌ensemble(ΓΓΓ)𝑑ΓΓΓ.
𝜌ensemble(ΓΓΓ) is determined by which thermodynamic ensemble the simulation is con-
ducted in, which in turn is governed by which macroscopic variables are kept constant
during the simulation. So far, we have kept the number of atoms𝑁 and the volume 𝑉 of
the simulation box constant, and Newton’s equations of motion fulfill conservation of
energy 𝐸. This is known as the micro-canonical or 𝑁𝑉𝐸 ensemble [83, Chapter 2], and
the accessible states in phase space (ΓΓΓ) lie on an isosurface where𝑁 , 𝑉 and 𝐸 are all con-
stant. One central assumption in statistical mechanics is that all accessible states are
equally probable [85]. The probability distribution 𝜌𝑁𝑉𝐸(ΓΓΓ) = 1/𝑍𝑁𝑉𝐸 is thus a uniform
distribution, where 𝑍𝑁𝑉𝐸 is called the partition function and is in this case equal to the
number of states in ΓΓΓ that keep𝑁 and 𝑉 constant, and have energy 𝐸.

If one allows the total energy of the system to change by allowing the system to ex-
change energy with a heat bath at a constant temperature 𝑇 , we arrive at the canonical
or𝑁𝑉𝑇 ensemble. The accessible states (ΓΓΓ)maynowhave different energy 𝐸ΓΓΓ. The prob-
ability distribution in this case, 𝜌𝑁𝑉𝑇 (ΓΓΓ), is known as the Boltzmann distribution [85].
Similarly, by additionally allowing the simulation box volume 𝑉 to changewe obtain the
isothermal-isobaric or𝑁𝑃𝑇 ensemble, where the pressure 𝑃 is kept constant [83],

𝜌𝑁𝑉𝑇 (ΓΓΓ) = 𝑒−𝐸ΓΓΓ/𝑘𝐵𝑇
∑Γ′Γ′Γ′ 𝑒−𝐸Γ′Γ′Γ′/𝑘𝐵𝑇

and 𝜌𝑁𝑃𝑇 (ΓΓΓ) = 𝑒−(𝐸ΓΓΓ+𝑃𝑉 )/𝑘𝐵𝑇
∑Γ′Γ′Γ′ 𝑒−(𝐸Γ′Γ′Γ′+𝑃𝑉 )/𝑘𝐵𝑇

. (3.5)

The𝑁𝑉𝐸,𝑁𝑉𝑇 and𝑁𝑃𝑇 ensembles are themost common in the context ofMD simula-
tions, and indeed in this thesis. The 𝑁𝑉𝐸 ensemble is sampled by Newton’s equations
of motions, but we need to use thermostats and barostats to control the temperature
and pressure in order to sample the 𝑁𝑉𝑇 and 𝑁𝑃𝑇 ensembles. While the 𝑁𝑃𝑇 ensem-
blemost closelymimics experimental conditions, these thermostats and barostats alter
the dynamics which might introduce artifacts. Dynamic quantities such as correlation
functions are therefore often computed in the𝑁𝑉𝐸 ensemble.

3.3 Correlation functions connect to experiments
In the previous sectionwe concerned ourselves with the average of an observable𝐴 over
the trajectory ΓΓΓ(𝑡). The instantaneous snapshots 𝐴(𝑡), however, fluctuate as the simu-
lation samples different regions of phase space. These fluctuations are not noise; they
are informative, and can be studied using correlation functions. Correlation functions
describe how systems “wiggle” and evolve in space and time [86, Chapter 10], and how
it relaxes from external stimuli. They thus provide insight into both the structure and
dynamics of a system. In particular, the relaxation dynamics that drive glass formation
can be studied using correlation functions, as we shall see in Sect. 3.4. Beyond theory,
correlation functions are also central to experiments. Many experimental techniques
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3.3. Correlation functions connect to experiments

directly probe system response, and hence correlation functions link simulations to ex-
periments [87, Chapter 1]. In Chapter 5 and Chapter 6 we will encounter two examples
of this connection, where MD simulations are connected to infrared (IR) spectroscopy
and neutron scattering experiments via correlation functions of the dipolemoment𝜇𝜇𝜇(𝑡)
and the time-dependent particle density 𝜌(𝑟𝑟𝑟 , 𝑡), respectively.

A general correlation function of an observable𝐴(𝑥𝑥𝑥, 𝑡) takes the form

𝐶(𝑟𝑟𝑟 , 𝜏 ) = ⟨𝐴(𝑥𝑥𝑥 + 𝑟𝑟𝑟 , 𝑡 + 𝜏)𝐴(𝑥𝑥𝑥, 𝑡)⟩𝑥𝑥𝑥,𝑡 , (3.6)

where the ensemble average is taken over 𝑥𝑥𝑥 and 𝑡. Note that correlation functions are
stationary, depending only on the time lag 𝜏 and not on the start time 𝑡. Two limits
in space 𝑟𝑟𝑟 and time 𝜏 are of special interest. The first is 𝐶(𝑟𝑟𝑟 , 0), the static correlation
function, which describes how the observable varies spatially on average. The density-
density correlation function 𝐶(𝑟𝑟𝑟) = ⟨𝜌(𝑥 + 𝑟𝑟𝑟𝑥 + 𝑟𝑟𝑟𝑥 + 𝑟𝑟𝑟)𝜌(𝑥𝑥𝑥)⟩ where 𝜌(𝑟𝑟𝑟) = ∑𝑖 𝛿(𝑟 − 𝑟𝑟𝑟 𝑖) is a static
correlation function that leads to the radial distribution function, which encodes the
probability of finding another particle at a distance 𝑟 from a particle,

𝑔(𝑟) = 𝑉
𝑁 2 ⟨

𝑁
∑
𝑖=1

𝑁
∑
𝑖≠𝑗

𝛿(𝑟 − 𝑟𝑖𝑗)⟩ (3.7)

where𝑁 is the number of atoms, 𝑉 is the system volume and 𝑟𝑖𝑗 is the pairwise distance
between particles 𝑖 and 𝑗. The radial distribution function will exhibit peaks where the
probability of finding particles is high, such as for nearest-neighbors, and for a fluid in
the long distance limit 𝑔(𝑟 → ∞) it goes to 1.

The second important limit is 𝐶(0, 𝜏 ), the time autocorrelation function (ACF), which
describes how an observable correlates with itself in time. An example of an ACF is the
velocity autocorrelation function, defined as [87, Chapter 3]

𝐶𝑣 (𝜏 ) =
⟨𝑣𝑣𝑣(𝑡 + 𝜏) ⋅ 𝑣𝑣𝑣(𝑡)⟩
⟨𝑣𝑣𝑣(𝑡) ⋅ 𝑣𝑣𝑣(𝑡)⟩ (3.8)

The denominator normalizes 𝐶𝑣 (𝜏 ) such that 𝐶𝑣 (𝜏 ) = 1 as is customary for an ACF, and
equals ⟨𝑣𝑣𝑣(𝑡) ⋅ 𝑣𝑣𝑣(𝑡)⟩ = 3𝑘𝐵𝑇/𝑚 for identical particles with mass 𝑚 at temperature 𝑇 . The
vibrational density of states can be obtained by taking the Fourier transform of 𝐶𝑣 (𝜏 ),
and the diffusivity𝐷 by integrating 𝐶𝑣 (𝜏 ),

𝐷 = 𝑘𝐵𝑇
𝑚 ∫

∞

0
𝐶𝑣 (𝜏 )𝑑𝜏 . (3.9)

The diffusivity is an important quantity when studying glass forming systems, describ-
ing how fast molecules move and reorganize, and can be measured experimentally, for
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Figure 3.2: Examples of correlation functions probing different time and length scales in liquid
perylene over a broad range of temperatures. (a) and (b) demonstrate the difference between
the radial distribution functions for the atoms, 𝑔atomic(𝑟), andmolecules, 𝑔molecular(𝑟), in the sys-
tem. In this case, the velocity autocorrelation function in panel (c) probes short sub-picosecond
timescales, while the mean squared displacement (MSD) for the molecules’ center of mass in
panel (d) captures the diffusive behavior of the molecules up to 100 ns. Note that the molecular
MSDcurves aremadeupof results from two individual simulations for each temperature, hence
the slight mismatch around 100 ps.

exampleviaquasi-elasticneutronscattering (QENS).Thediffusivity canalsobeobtained
as the asymptotic slope of the MSD𝑀(𝜏) in the long-time limit [88, Chapter 13],

𝑀(𝜏) = ⟨||𝑟𝑟𝑟 𝑖(𝑡 + 𝜏) − 𝑟𝑟𝑟 𝑖(𝑡)||22⟩𝑖𝑡 lim𝜏→∞𝑀(𝜏) = 6𝐷𝜏 , (3.10)

with the ensemble average being taken over all starting times 𝑡 and all particles 𝑖 with
position 𝑟𝑟𝑟 𝑖. 𝑀(𝜏) can be interpreted as the average distance squared traveled by parti-
cles after time 𝜏 . Note that theMSD is not formally a correlation function, but it can be
recast in terms of an ACF [89]. The benefit of recasting the MSD is that although corre-
lation functions are computationally challenging to compute in real space, they can be
efficiently computed in Fourier space. TheWiener-Khinchin theorem links the Fourier
power spectrum of a signal to its ACF, allowing for efficient evaluation [90, Chapter 15],

𝐶(𝜏) = lim𝑇→∞
1
𝑇

1
2𝜋 ∫

𝑇

−𝑇
|𝐴(𝜔)|2𝑒𝑖𝜔𝜏𝑑𝜔. (3.11)

The interpretation of Eq. (3.11) is that we can obtain the ACF of𝐴(𝑡) bymeasuring it over
a long time period 𝑇 , computing its power spectrum |𝐴(𝜔)|2, and then inverse Fourier
transforming to obtain 𝐶(𝜏). Fourier transforms using fast Fourier transform (FFT) al-
gorithms are computationally efficient,making this approach highly practical when an-
alyzingMD simulations.
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3.4. Accessing glass dynamics with MD

3.4 Accessing glass dynamics with MD
Equippedwith theprinciples ofMD,wenowturn tohowwecanprobe theglass-forming
behavior in perylenes. One of the main challenges when studying glass formation with
MD is that the dramatic changes in timescales of the dynamics close to the glass transi-
tion lead to a situationwhere the system appears frozen in the simulation, i.e., on time-
scales in the range of 1 ns to 100 ns, while remaining liquid on experimental timescales
1 s to 100 s. Trying to directly estimate key properties such as the glass transition tem-
perature 𝑇𝑔 from aMD simulation is thus challenging. For example, an approach often
used in the literature for estimating 𝑇𝑔 is to mimic experiments through simulated an-
nealing,where the temperature is slowlydecreaseduntil the systementers a glassy state.
Theglass transition temperature is taken as the point atwhich the density changes slope
as a function of temperature. Estimates of 𝑇𝑔 from such annealing simulations agree
with experiments inmetal-organic frameworks [91], phosphates [92], disorderedmolec-
ular solids [93], and organic solar cell (OSC) materials [94, 95], but overestimate 𝑇𝑔 in
perylene derivatives (Fig. 3.3b). The underlying assumption for the simulated anneal-
ing method is that the 𝛼-relaxation process is accessible in the MD simulation, such
that the trend in density with simulation temperature can be extrapolated to infinitely
slow cooling rates from the extremely high cooling rates inMD simulations; even a slow
rate by MD standards of 1Kns−1 corresponds to 109 K s−1. This assumption is violated
in perylene derivatives: although molecular diffusion appears to cease at 400K in the
simulation, leading to a change of slope in the density, the experimental 𝑇 exp𝑔 is approx-
imately 250K. The discrepancy arises because individual perylene molecules continue
to reorient and exhibit librational motion far below 400K, however, indicating a slower
𝛼-relaxation process that appears frozen only due to the short timescales accessible in
the MD simulation.

In paper I, we present an approach for extrapolating the changes in dynamics as a
function of temperature far above 𝑇𝑔 , circumventing the problems with directly simu-
lating the glass transition (Fig. 3.3c). Using a combination of correlation functions and
Bayesian regressionwe are able to obtain estimates of 𝑇𝑔 and the kinetic fragility𝑚 that
are significantly closer to the experimental values than what can be obtained from sim-
ulated annealing (Fig. 3.3e and f). We compute the diffusivity 𝐷 and the NACF 𝐽 (𝜏 ) as
functions of temperature for disordered liquid systems of five different perylene deriva-
tives. The diffusivity is obtained from the long-time limit of theMSD (Eq. (3.10)), and is
then fitted to the Vogel–Fulcher–Tammann (VFT) equation (Eq. (2.3)),

𝐷(𝑇 ) = 𝐷0𝑒−𝐵/(𝑇−𝑇VF). (3.12)

Machine learning aficionados might identify Eq. (3.12) as a sloppy model [96–98], where
the model is highly sensitive to changes in 𝐵 and 𝑇VF due to the exponential, but less so
to 𝐷0 (Fig. 3.3d). To handle the sloppy model, we turn to Bayesian regression. Bayes’

17



Chapter 3. Simulating chromophores with molecular dynamics

Figure 3.3: (a) The five different perylene derivatives in Paper 1, with the normal-vector autocor-
relation function (NACF) 𝐽 (𝜏 ) schematically drawn from the perylene core. (b) Glass transition
temperature from simulated annealing for derivative II. 𝑇 sim𝑔 overestimates the experimental
𝑇 exp𝑔 by over 150K. (c) Bayesian extrapolation of mean diffusivity 𝐷(𝑡) with one standard devi-
ation posterior error band, extrapolated to 𝑇𝑔. 𝑇 sim𝑔 from simulated annealing shown for ref-
erence. (d) Corner plot of the posterior 𝑝(𝜃𝜃𝜃|𝒟 , 𝐼 ). The banana-shaped marginal 𝑝(𝐵, 𝑇𝑉 𝐹 |𝒟 , 𝐼 )
reflects strong 𝐵–𝑇𝑉 𝐹 correlation, indicative of a sloppy model. (e) Glass transition 𝑇𝑔 from
Bayesian extrapolation of diffusivity and normal-vector autocorrelation function (NACF) via
Bayesian regression. (f) Kinetic fragility 𝑚 obtained analogously to panel (e). The predictions
agree semi-quantitatively with experiments, where 𝑇𝑔 is overestimated by about 50K. Note that
neat perylene (I) crystallizes under experimental conditions, andhence no experimental data for
𝑇𝑔 or𝑚 are available.

theorem relates the posterior distribution of solutions 𝑝(𝜃𝜃𝜃|𝒟 , 𝐼 ) for the parameters 𝜃𝜃𝜃 =
{𝐷0, 𝐵, 𝑇𝑉 𝐹 } to data and prior information,

𝑝(𝜃𝜃𝜃|𝒟 , 𝐼 ) = 𝑝(𝒟 |𝜃𝜃𝜃, 𝐼 )𝑝(𝜃𝜃𝜃|𝐼 )
𝑝(𝒟 |𝐼 ) . (3.13)

where 𝒟 is a set of data, 𝒟 = {(𝑥𝑖𝑥𝑖𝑥𝑖, 𝑦𝑖)}𝑁𝑑𝑖=1, and 𝐼 denotes information we might have
about the system a priori. The prior distribution 𝑝(𝜃𝜃𝜃|𝐼 ) is key in ensuring the stability of
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fittingEq. (3.12), alleviating theproblemswith sloppymodelsby constraining theparam-
eters 𝜃𝜃𝜃 = {𝐷0, 𝐵, 𝑇𝑉 𝐹 } to physical values. The denominator 𝑝(𝒟 |𝐼 ) is called the evidence
and acts as a normalization constant. The likelihood 𝑝(𝒟 |𝜃𝜃𝜃, 𝐼 ) can be interpreted as the
probability of observing the data𝒟 given the parameters 𝜃𝜃𝜃.

The resulting fit of the diffusivity as a function of temperature𝐷(𝑇 ) can then be read-
ily extrapolated until the diffusivity is so low that the molecules are not moving on ex-
perimental timescales, marking the glass transition temperature 𝑇𝑔 (Fig. 3.3c). By sam-
pling solutions from the posterior𝑝(𝜃𝜃𝜃|𝒟 , 𝐼 )weobtain a full distribution for 𝑇𝑔 , allowing
us to quantify the uncertainty in 𝑇𝑔 stemming from the fit to the VFT equation.

We also predict 𝑇𝑔 from the normal-vector autocorrelation function (NACF) in order
to investigate if the diffusivity is actually capturing the 𝛼-relaxation process, the slow-
est relaxation process in the system. The NACF 𝐽 (𝜏 ) is a home-grown correlation func-
tion based on the normal-vector 𝑛̂𝑖(𝑡) defined against the plane of the perylene core of
molecule 𝑖 (Fig. 3.3a),

𝐽 (𝜏 ) = ⟨𝑛̂𝑛̂𝑛̂𝑖(𝑡) ⋅ 𝑛̂𝑛̂𝑛̂𝑖(𝑡 + 𝜏)⟩𝑖𝑡 , (3.14)

where the ensemble average is taken over all molecules 𝑖 and all times 𝑡. 𝐽 (𝜏 ) can ef-
ficiently be evaluated using the Wiener-Khinchin theorem, and is well described by a
triple exponential. The fitted exponentials span timescales from femtosecond vibra-
tional motion to nanosecond molecular reorientation. The NACF represents how long
a molecule remains oriented in the same direction, and directly allows probing the co-
operative reorganization of molecules associated with relaxation in a glass former. The
diffusivity and the NACF thus probe two related but distinct relaxation processes, that
freeze in at slightly different temperatures. Bothmolecular diffusion and reorientation
slow down close to the glass transition, but themolecules will continue to reorient even
when themolecules have stoppeddiffusing, as evident by the lower 𝑇𝑔 estimate obtained
from theNACF (Fig. 3.3e). This indicates that the processes captured by theNACFmight
be more closely related to 𝛼-relaxation in these perylene derivatives, and demonstrates
the importance of choosing a suitable correlation function.

Using Bayesian regression is one approach that in some cases might help to circum-
vent the limited timescales accessible inMD.However, Bayesian regression isnotmagic;
theuncertaintydoesnot include systematic errors, including issueswith thephenomeno-
logical VFT equation. Furthermore, the approach relies on the MD simulation sam-
pling the actual 𝛼-relaxation process in order to extrapolate the temperature depen-
dence. Some systems such as mixtures of chromophores can, for example, undergo
a liquid-liquid phase transition before the glass transition, leading to a change in dy-
namics not easily detectable on the order of 100s of nanoseconds [76]. This raises the
question: can signatures of such slowprocesses be identified already onMD timescales?
Further research is needed to answer this question, but Bayesian regression remains a
promising tool for when 𝛼-relaxation is not directly accessible in MD simulations.
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3.5 Extending the accessible timescales in MD
The fundamental limitation in MD simulations is the short time step, which makes ac-
cessing the long timescales required for studying glass formation computationally de-
manding, or impossible. Several techniques exist to address this, though not all tackle
the timescale problem directly. Adaptive biasing methods such as metadynamics [99],
parallel simulations [100], and replica exchange [101, 102] broaden the configurational
space explored [103, 104], but do not extend the timescales accessible to a single simu-
lation. Coarse-graining takes a more direct approach, reducing the number of degrees
of freedom by grouping atoms into effective particles, which increases computational
efficiency and extends the accessible timescales [105–107]. However, coarse grained po-
tentials are often limited to the thermodynamic state point atwhich theywere designed,
although transferable potentials are being developed [108, 109].

BeyondMD, lattice glass models use Monte Carlo methods to rearrange particles on
a grid, though long relaxation times in the supercooled regime remains challenging
[29, 110, 111]. Mode coupling theory takes a different approach, predicting relaxation
dynamics from static observables of the structure, such as the structure factor 𝑆(𝑘) (re-
visited in Chapter 6), the Fourier transform of the radial distribution function [75]. The
predicted relaxation dynamics are qualitatively in agreement with simulations [112, 113]
and experiments [114], but tend to overestimate the glass transition temperature [75].

Finally, a particularly interesting development in recent years are machine learning
(ML)methods based on deep generativemodels [111], such as Boltzmann generators for
direct sampling of structural conformations from the desired thermodynamic ensem-
ble [115]. Models can also learn the dynamics in the system to take longer steps than the
MD time step, with techniques such as score dynamics [116] or the implicit-transfer op-
erator approach [117]. However, thesemethods can be difficult to train, are trained for a
specific system and temperature, and are often limited to comparatively small systems
[118], although transferability is an active area of development [119].

Compared with these techniques, atomistic MD remains a transferable and versatile
simulationmethod, and has thus been themethod of choice throughout this thesis. Its
reliability, however, depends on the availability of accurate interatomic potentials, as
force calculations are both the most demanding and arguably most important step in
a MD simulation. Machine-learned interatomic potentials (MLIPs) offer a pathway to
more accurate and efficient force evaluation, and will be the focus of the next chapter.
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4
Molecular dynamics with

machine-learned potentials

For potentials I’m now convinced that equivariance is useless.

Michele Ceriotti,
CECAMworkshop, 2024

In the previous chapters, we have seen how the intermolecular interactions in chro-
mophores leads to aggregation and glass formation, its effect on device performance,
andhowmolecular dynamics (MD) can be used to simulate these processes. These large-
scaleprocessesareultimately rooted inquantummechanical interactionsbetweenatoms
and molecules. Capturing both aspects simultaneously is the central computational
challenge: electronic structure methods such as density functional theory (DFT) pro-
vide the required quantummechanical accuracy, but are limited to systems of hundreds
of atoms, far short of the millions needed to model chromophore assemblies. Classical
force fields (FFs), on the other hand, scale readily to large systems but sacrifice accuracy,
possibly not fully describing the subtle intermolecular interactions in chromophores.

Machine-learned interatomic potential (MLIP) have in recent years emerged as a way
to resolve this tradeoff, offeringaccuracyapproachingDFTata computational cost closer
to classical FFs. In this chapter, we introduce the key ideas behindMLIPs, before focus-
ing on the neuroevolution potential (NEP) framework as a particularly efficient imple-
mentation that is well-suited to large-scale chromophore simulations. We also discuss
how to estimate when aMLIP is likely to be wrong, and how recently developed founda-
tional models can be adapted to new systems through fine-tuning.
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Chapter 4. Molecular dynamics with machine-learned potentials

4.1 Electronic-structure and classical force fields
The goal of a FF is to provide a set of forces for a given configuration of atoms. Atomic
systems behave according to the laws of quantummechanics. The nuclei and electrons
in the system obey the many-body Schrödinger equation [120, Chapter 3],

𝐻̂Ψ = 𝐸Ψ
𝐻̂ = − 1

2 ∑𝑖
∇2𝑖 −∑

𝐼
1

2𝑀𝐼
∇2𝐼 −∑

𝑖,𝐼
𝑍𝐼

|𝑟𝑟𝑟 𝑖 −𝑅𝑅𝑅𝐼 |

+ 1
2 ∑𝑖≠𝑗

1
|𝑟𝑟𝑟 𝑖 − 𝑟𝑟𝑟 𝑗 |

+ 1
2 ∑𝐼≠𝐽

𝑍𝐼𝑍𝐽
|𝑅𝑅𝑅𝐼 −𝑅𝑅𝑅𝐽 |

,
(4.1)

where we have used atomic units (𝑚𝑒 = 𝑒 = 4𝜋𝜖0 = ℏ = 1) for brevity. Lower-case
indices run over electrons and uppercase indices run over nuclei, which have mass𝑀𝐼
and atomic number 𝑍𝐼 . 𝑟𝑟𝑟 𝑖 denotes the position of electron 𝑖 and𝑅𝑅𝑅𝐽 is the position of nu-
cleus 𝐽 . Solving Eq. (4.1) would give a complete description of the system at the current
moment in time, including all the forces between the atoms, which we need in order
to propagate a MD simulation. However, the many-body Schrödinger equation is only
analytically solvable in the simplest of cases involving a single electron, and numerically
only for moderately sized or high-symmetry systems [121]. One major hurdle in solv-
ing Eq. (4.1) are the terms involving pairs of particles, denoted by the sums over 𝑖 ≠ 𝑗,
𝑖, 𝐼 , and 𝐼 ≠ 𝐽 , which scale exponentially in complexity as the number of particles in
the system increases. A first step we can take to simplify this problem is to assume the
slow-movingnuclei tobe stationary relative to theelectrons,which is knownas theBorn-
Oppenheimer approximation [122]. DFT then proposes to reformulate the Schrödinger
equation in termsof the electrondensity through theHohenberg-Kohn theorem, replac-
ing the fully-interacting electrons with 𝑁 fictitious non-interacting electrons that still
have the same ground-state density 𝑛(𝑟𝑟𝑟) through the Kohn-Sham equations [121, 123],

(−∇
2
2 + 𝑣𝑠[𝑛](𝑟𝑟𝑟)) 𝜑𝑗(𝑟𝑟𝑟) = 𝜖𝑗𝜑𝑗(𝑟𝑟𝑟)

𝑣𝑠[𝑛](𝑟𝑟𝑟) = 𝑣(𝑟𝑟𝑟) + ∫ 𝑑3𝑟 ′ 𝑛(𝑟′𝑟 ′𝑟 ′)
|𝑟𝑟𝑟 − 𝑟 ′𝑟 ′𝑟 ′| + 𝑣𝑥𝑐[𝑛](𝑟𝑟𝑟)

𝑣𝑥𝑐[𝑛](𝑟𝑟𝑟) =
𝛿𝐸𝑥𝑐[𝑛]
𝛿𝑛(𝑟𝑟𝑟)

𝑛(𝑟𝑟𝑟) =
𝑁
∑
𝑗=1

|𝜑𝑗(𝑟𝑟𝑟)|2.

(4.2)

𝜑𝑗(𝑟𝑟𝑟) is the Kohn-Shamorbital for state 𝑗 of the non-interacting system,with associated
energy 𝜖𝑗 , and [𝑛] denotes that a quantity is a functional of the electron density 𝑛(𝑟𝑟𝑟). A
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4.1. Electronic-structure and classical force fields

feature of theKohn-Shamequations is that the ground state density 𝑛(𝑟𝑟𝑟) is a function of
{𝜑𝑗(𝑟𝑟𝑟)}𝑗 , which in turn also depends on the density. The equations thus have to be solved
self-consistently, by iteratively solving for and updating the density 𝑛(𝑟𝑟𝑟) until it has con-
verged. Physical properties such as the forces between the nuclei can then be computed
from the ground state density 𝑛(𝑟𝑟𝑟). Note that the external potential 𝑣(𝑟𝑟𝑟) includes the
Coulomb interaction from the nuclei acting on the electrons.

The Kohn-Sham equations are formally exact, and could be solved if the exchange–
correlation (XC) energy functional 𝐸𝑥𝑐[𝑛] and its corresponding potential 𝑣𝑥𝑐[𝑛](𝑟𝑟𝑟) was
known. Unfortunately,𝐸𝑥𝑐[𝑛] is in general unknown, leavingusers ofDFTwithno other
choice but to rely on approximations for 𝐸𝑥𝑐[𝑛]. There exists a plethora of DFT func-
tionals, and depending on the choice of functional a DFT calculation can yield different
results. As such, DFT calculations are dependent on the choice of functional.

The Kohn-Sham equations in Eq. (4.2) are significantly easier to solve computation-
ally than themany-bodySchrödinger equation inEq. (4.1), but they still scale poorlywith
the number of electrons in the system. In practice, DFT is often not used for systems
with more than hundreds or possibly thousands of atoms, which is short of the hun-
dreds of thousands or millions in MD simulations. Classical FFs take a more compu-
tationally efficient but potentially less accurate approach by foregoing the Schrödinger
equation entirely. One approach is to expand the system energy in terms depending on
the positions 𝑟𝑟𝑟𝑁𝑖 of the atoms in the system [83],

𝑉 (𝑟𝑟𝑟 𝑖) = ∑
𝑖
𝑉1(𝑟𝑟𝑟 𝑖) +∑

𝑖
∑
𝑗>𝑖

𝑉2(𝑟𝑟𝑟 𝑖, 𝑟𝑟𝑟 𝑗) +∑
𝑖
∑
𝑗>𝑖

∑
𝑘>𝑗>𝑖

𝑉2(𝑟𝑟𝑟 𝑖, 𝑟𝑟𝑟 𝑗 , 𝑟𝑟𝑟𝑘) + ... (4.3)

where the first term, 𝑉1, corresponds to interactions of all𝑁 atoms with an external po-
tential, the second term with 𝑉2 corresponds to interactions between pairs of particles,
the third sum to interactions between triplets, and so forth. Note that this is one possi-
ble expansion of the potential. Includingmore terms in Eq. (4.3) gives in general amore
accurate but less computationally efficient model. Truncating the expansion at the 𝑉2
term gives a class of potentials known as pair potentials, themost well-known of which
is the Lennard-Jones potential [83],

𝑉 𝐿𝐽 (𝑟𝑟𝑟 𝑖) = ∑
𝑖
∑
𝑗>𝑖

4𝜖 [( 𝜎𝑟𝑖𝑗
)
12

− ( 𝜎𝑟𝑖𝑗
)
6
] . (4.4)

The Lennard-Jones potential involves two parameters, 𝜖 and 𝜎 , controlling the energy
and length scale of the potential, which are fitted to reproduce experimentally observed
properties, such as the density, in MD simulations. This is a common strategy for clas-
sical FFs, where different potentials mainly differ in the interactions considered, the
number of free parameters, and the materials they have been optimized for. Once op-
timized, classical FFs can be readily evaluated for a large number of atoms, but at the
cost of not being as accurate as DFT calculations.
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4.2 Machine-learned interatomic potentials
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Figure 4.1: (a) Binding energy between two benzene molecules as a function of distance, and
(b) the change in potential energy as the unit cell of crystalline benzene is scaled, using three
different methods; a Lennard-Jones potential, a MLIP based on the NEP formalism trained on
vdW-DF-cx DFT data [124], and DFT using the same functional. (c) Comparison of the compu-
tational cost of evaluating the energies with each method. NEP accurately captures the target
curves from DFT, while still having a computational cost comparable to the Lennard-Jones po-
tential.

We can demonstrate the tradeoff in accuracy and performance between DFT and FFs
for benzene, as the simplest possible representative of the chromophores studied in this
thesis. A Lennard-Jones potential is able to reproduce the binding energy between two
benzenemolecules as a function of separation (Fig. 4.1a) compared to DFT, but fails for
the more complex case of the change in potential energy as the axes of the unit cell of
crystalline benzene are scaled (Fig. 4.1b). DFT, on the other hand, scales prohibitively
compared to the Lennard-Jones potential as a function of the number of atoms in the
system, taking over 32 central processing unit (CPU) core hours to evaluate the forces
for a system of ∼300 atoms compared to less than a millisecond for the Lennard-Jones
potential (Fig. 4.1c). Performing large-scale MD simulations for tens of thousands of
atoms is thus computationally intractable for DFT.

Fortunately, MLIP bridge the gap between FF and DFT by combining the computa-
tional efficiency of FFs with the accuracy of DFT, achieved by training a flexible para-
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4.2. Machine-learned interatomic potentials

metric model to reproduce DFT energies and forces. The promise of MLIPs is fulfilled
for our benzene example; a MLIP based on the NEP framework accurately reproduces
both the binding energy curve and energy-volume curve fromDFT, while retaining the
high computational performance of the Lennard-Jones potential. As for classical FFs,
there exists a large number of different types of MLIPs based on different functional
forms. We will highlight two of these here, namely kernel-based methods and neural-
network basedmethods.

4.2.1 Kernel-basedmethods
Kernel-based methods typically employ a probabilistic approach, modeling the poten-
tial energy surface as a Gaussian process [125, Chapter 2],

𝐸(𝑞𝑞𝑞) ∼ 𝒢𝒫 (𝑚(𝑞𝑞𝑞), 𝑘(𝑞𝑞𝑞, 𝑞′𝑞′𝑞′))
𝑚(𝑞𝑞𝑞) = 𝔼 [𝐸(𝑞𝑞𝑞)]

𝑘(𝑞𝑞𝑞, 𝑞′𝑞′𝑞′) = 𝔼 [(𝐸(𝑞𝑞𝑞) − 𝑚(𝑞𝑞𝑞)) (𝐸(𝑞′𝑞′𝑞′) − 𝑚(𝑞′𝑞′𝑞′))] .
(4.5)

𝑞𝑞𝑞 ∈ ℝ3𝑁 represents a specific configuration of the 𝑁 atoms in the system, and the co-
variance function 𝑘(𝑞𝑞𝑞, 𝑞′𝑞′𝑞′) encodes the similarity between two configurations 𝑞𝑞𝑞 and 𝑞′𝑞′𝑞′.
By modeling the potential energy as a Gaussian process, the potential energy surface
𝐸(𝑞𝑞𝑞) is constrained to be smoothly varying as the positions of the atoms represented by
the vector 𝑞𝑞𝑞 are changed, with each configuration having an associated predictedmean
energy𝐸(𝑞𝑞𝑞)with standard deviation 𝜎𝐸(𝑞𝑞𝑞). This leads us to themain benefit ofGaussian
process-based methods: the uncertainty in the predictions can readily be extracted as
the predicted variance 𝜎𝐸(𝑞𝑞𝑞), which, for example, enables augmenting the training set
through active learning (Sect. 4.3.3). The disadvantage of kernel-based methods is that
they are computationally expensive to evaluate, with the cost of evaluating the model
scaling as 𝒪(𝑛3), where 𝑛 is the number of data points in the training dataset, though
some strategies exist for partially mitigating this limitation [126].

Examples for Gaussian process-basedMLIPs include theGradient-DomainMachine-
Learning model (GDML, [127]) and the Gaussian Approximation Potential (GAP) [128].
sGDML is an extension of GDML in which relevant symmetries are incorporated to im-
prove the efficiency of the model [129].

4.2.2 Neural network-basedmethods
Popularized by Behler and Parrinello [130, 131], neural network (NN)-based potentials
have dominated the MLIP field over the last decade. A NN potential denoted 𝑈 with
weights𝑤𝑤𝑤 predicts the energies for each atom 𝑖 in a system of𝑁 atoms as follows,

𝐸𝑖 = 𝑈 (𝑤𝑤𝑤,𝑞𝑞𝑞({𝑟𝑟𝑟 𝑖𝑗}))
→ 𝐹𝐹𝐹 𝑖 = −∇𝑟𝑟𝑟 𝑖𝑈 (𝑤𝑤𝑤,𝑞𝑞𝑞({𝑟𝑟𝑟 𝑖𝑗})).

(4.6)
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𝐸𝑖 and 𝐹𝐹𝐹 𝑖 are the per-atom potential energy and the forces acting on atom 𝑖 respectively.
The per-atom potential energies are summed up to yield 𝐸 = ∑𝑁

𝑖 𝐸𝑖, as only the total
potential energy for a structure is defined, and 𝐸 canbe seen as amodel for the potential
energy surfaceof the system. Theforces𝐹𝐹𝐹 𝑖 areobtainedas thegradientof 𝑈 with respect
to the coordinates of atom 𝑖, 𝑟𝑟𝑟 𝑖.

Uncertainty estimates cannot be extracted as easily from NN-based MLIPs as from
Gaussian process-based, but they are more computationally efficient. One way to esti-
mate the uncertainty for NNMLIPs is to train an ensemble of models and compute the
forces with each model, providing an uncertainty estimate at a higher cost [132].

Inaddition to theBehler-Parrinellonetwork, examplesofneuralnetwork-basedmeth-
ods include Deep Potential (DP) [133, 134], Embedded Atom Neural Network (EANN)
[135], Recursively embeddedatomneuralnetwork (REANN) [136, 137], ANI-1 [138], SchNet
[139],Nequip [140], Allegro [141],MACE[142], andNEPwhichwewill return to inSect. 4.3.
There also exists families ofmodels that predict the energy of forces through regression,
but foregoNNs, in the formof linear basis functionmodels. These includeMoment Ten-
sor Potentials (MTP) [143, 144], Spectral Neighbor Analysis Potential (SNAP) [145], and
Atomic Cluster Expansions (ACE) [146–148].

4.2.3 Using descriptors to represent atomic structures
Both kernel-based and neural network-basedMLIPs do not typically have the Cartesian
coordinates of a set of atoms, {𝑟𝑟𝑟 𝑖}, as input, but rather a so-called descriptor vector
𝑞𝑞𝑞({𝑟𝑟𝑟 𝑖𝑗}). This is a function of the relative positions of atom 𝑖 and all neighboring atoms
𝑗, and can be thought of as a chemical fingerprint describing the environment around
atom 𝑖. This seemingly cumbersome descriptor vector ensures that the model fulfills
certain symmetries dictated by physics.

First of all, there are a set of invariances, transformations of the atomic system that
should not change the predicted energies of forces. These include invariance under
translations and rotations of the system, and permutations of atoms of the same el-
ement [149]. Recently, equivariances have additionally started to be incorporated in
MLIPs [142, 150]. An equivariant transformation can, for instance, be a rotation; when
the input structure is rotated, the output forces should be rotated accordingly. Specifi-
cally, bothdescriptors and themodel output aredesigned to transformequivariantly un-
der SO(3) rotations of the input. These are often implemented using equivariant graph
neural networks [140, 142, 151]. However, as we shall see later in Sect. 4.3.4, equivari-
ant transformations often come with a significant computational cost. This has lead
to some research groups opting to train non-equivariant models, instead relying on ex-
tensive training sets to ensure that the model learns these equivariances, such as the
PET-MAD family of models [152].

Understanding the descriptor vector is key to understanding the success of MLIPs in
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recent years [23]. A machine learning (ML) model in general, and a NN in particular,
is simply a “dumb” mathematical function where the parameters are adjusted during
training such that it best mimics the examples of inputs and corresponding target out-
puts in the trainingdata set. Crucially, thismeans that aMLIPdoesnot “know”anything
about physics. Furthermore, as MLmodels typically involve many parameters interact-
ing non-linearly, it is difficult to know beforehand what the output will be for a specific
input, a problem that becomes exponentially more difficult as the size of the model in-
creases. Taken together, this means that a ML model can produce unexpected outputs
when presented with an input that is different from the examples in the training data
set, a problem that is known as out-of-distribution prediction and is researched in the
ML literature [153]. A MLIP can to some extent be protected from the issues of out-of-
distribution prediction by incorporating a descriptor vector that ensures that the input
to the MLIP is physically meaningful. However, even with a descriptor vector a MLIP
still suffers from the issues of out-of-distribution predictions, for instance if structures
encountered during simulations are vastly different from the ones in the training data
set. Like with any other MLmodel, MLIPs can be hardened against this problem by en-
suring that the trainingdata set samples the chemical space of interestwell, for example
by using entropy-maximized datasets [154, 155], but in practice one can never guarantee
the robustness of the predictions of the MLIP.

The points discussed in this section are the general considerations that go into craft-
ing a physically accurate descriptor, the exact implementation of which can change for
differentMLIPs. Examplesofoften-useddescriptors areatom-centeredsymmetry func-
tions (ACSF) [130, 131], smooth overlap of atomic orbitals (SOAP) [156], spherical har-
monics [157] and the many-body tensor representation [158]. In the next section, we
will take a look at a specific implementation of anNN-basedMLIP, and discuss its asso-
ciated descriptor vector in detail.

4.3 Neuroevolution potentials
Wewill now turn to a specific type of neural network-basedMLIP, namely the neuroevo-
lution potential (NEP) developed and implemented in the GPUMD package to which I
am a contributing developer, presented in papers II and III. In this section, we will de-
scribe NEPmodels in detail, starting with the formalism.

4.3.1 The NEP formalism
Similarly to the Behler-Parrinello NN-MLIPs described in Eq. (4.6), in NEP the energy
of atom 𝑖, 𝐸𝑖, is predicted as a function of a descriptor vector with 𝑁des components,
denoted 𝑞𝑞𝑞𝑖. The NN consists of a single fully connected hidden layer, and the predicted
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energy takes the form

𝐸𝑖 = 𝑈 (𝑤𝑤𝑤,𝑞𝑞𝑞) =
𝑁neu

∑
𝜇=1

𝑤 (1)𝜇 tanh(
𝑁des

∑
𝜈=1

𝑤 (0)𝜇𝜈 𝑞𝑖𝜈 − 𝑏(0)𝜇 ) − 𝑏(1). (4.7)

𝑤𝑤𝑤 (0) and 𝑏𝑏𝑏(0) are the weight matrix from the input descriptor vector to the hidden layer,
and𝑤𝑤𝑤 (1) and 𝑏(1) are theweights andbias termfromthehidden layer to the single output
neuron. The activation function for the hidden layer is the hyperbolic tangent.

Note that the parameters for the model in Eq. (4.7), which for historical reasons is
known as a NEP3 model, are shared between all atoms in the system. This has the cru-
cial benefit that the model does not increase in size as the number of atoms in the sim-
ulated system increases, which could otherwise lead to amodel that is computationally
impossible to evaluate for the millions of atoms in a MD simulation. However, sharing
weights between all atoms in a system can lead to an insufficiently flexible model, espe-
cially in systems with many different atomic species and thus a potentially large input
space of possible descriptor vectors 𝑞𝑞𝑞. NEP4 increases the flexibility of NEP models by
having an individual network for each atomic species 𝛼 in the system, 𝑈 (𝑤𝑤𝑤𝛼 , 𝑞𝑞𝑞) [159].

The descriptor vector 𝑞𝑞𝑞 takes the same shape for both NEP3 and NEP4, and is com-
prised of a radial part and an angular part (Fig. 4.2a). The radial descriptors encode pair-
wise atomic interactions, and the angular part captures three-body, four-body, andfive-
body interactions. The radial part has 𝑛Rmax + 1 components and is defined as

𝑞𝑖𝑛 = ∑
𝑗≠𝑖

𝑔𝑛(𝑟𝑖𝑗). (4.8)

The summation runs over all neighboring atoms 𝑗 to atom 𝑖, where 𝑟𝑖𝑗 is the distance
between them. The contribution from each neighbor, 𝑔𝑛(𝑟𝑖𝑗), is in turn computed from
𝑁R
bas + 1 basis functions,

𝑔𝑛(𝑟𝑖𝑗) =
𝑁 R
bas

∑
𝑘=0

𝑐𝑖𝑗𝑛𝑘𝑓𝑘(𝑟𝑖𝑗)

𝑓𝑘(𝑟𝑖𝑗) = 1
2 [𝑇𝑘 (2 (

𝑟𝑖𝑗
𝑟R𝑐 − 1)

2
− 1) + 1] 𝑓𝑐(𝑟𝑖𝑗)

(4.9)

where 𝑇𝑘(...) is the 𝑘th-order Chebyshev polynomial of the first kind. 𝑓𝑐(𝑟𝑖𝑗) is a cutoff
function that ensures that the contribution 𝑔𝑛(𝑟𝑖𝑗) from atom 𝑗 decreases smoothly to
zero as the distance 𝑟𝑖𝑗 approaches the radial cutoff distance 𝑟R𝑐 , and is defined as

𝑓𝑐(𝑟𝑖𝑗) = {
1
2 [1 + cos (𝜋 𝑟𝑖𝑗

𝑟R𝑐 )] , 𝑟𝑖𝑗 ≤ 𝑟R𝑐
0, 𝑟𝑖𝑗 > 𝑟R𝑐 .

(4.10)
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Figure 4.2: (a) Schematic of radial (green) and angular (red) descriptor components. (b) Visu-
alization of three radial and angular descriptor components. Note that the peak position of
descriptor component 𝑛 varies. (c) Principal component analysis (PCA) of the two principal de-
scriptor components for about 900 structures of crystalline benzene, colored by atomic species.

𝑛Rmax, 𝑁R
bas, and 𝑟R𝑐 are hyperparameters that are set before training. A key feature of

the NEP formalism is that the coefficients 𝑐𝑖𝑗𝑛𝑘 in the radial basis expansion are free pa-
rameters that are optimized jointly with the weights 𝑤𝑤𝑤 and biases 𝑏𝑏𝑏 of the NN. These
coefficients depend on the species of atom 𝑖 and 𝑗, which allows NEP to tailor the mes-
sage 𝑔𝑛(𝑟𝑖𝑗) from each neighbor, increasing the flexibility of the model.

The angular descriptor vector are similarly defined as

𝑞𝑖𝑛𝑙 =
2𝑙 + 1
4𝜋 ∑

𝑗≠𝑖
∑
𝑘≠𝑖

𝑔𝑛(𝑟𝑖𝑗)𝑔𝑛(𝑟𝑖𝑘)𝑃𝑙 (cos 𝜃𝑖𝑗𝑘) (4.11)

with 0 < 𝑛 < 𝑛𝐴max and 1 ≤ 𝑙 ≤ 𝑙3bmax as hyperparameters that control the size of the
basis expansion. 𝑃𝑙(...) is the Legendre polynomial of order 𝑙, and 𝜃𝑖𝑗𝑘 is the angle formed
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between the two pairs of atoms, 𝑖𝑗 and 𝑖𝑘. This expression is a three-body descriptor as
it involves three atoms; the central atom 𝑖 and two neighboring atoms 𝑗 and 𝑘. Higher
order terms, such as four-body or five-body interactions, can be included in the NEP
formalism, but we will not describe those in detail here.

The different radial and angular components as a function of interatomic distance
𝑟𝑖𝑗 exhibit peaks at different positions, which can be interpreted as the different com-
ponents represents probing different regions of the chemical environment (Fig. 4.2b).
Typically, a NEP model encounters a large number of chemical environments during
inference, each with their own descriptor vectors. Using PCA to visualize the descrip-
tors of about 900 structures of crystalline benzene shows that atoms of the same species
cluster in similar regions, yet vary dramatically within them (Fig. 4.2c).

The descriptor vector fulfills the invariance requirements we discussed in the previ-
ous section. Invariance under translation and rotation of the system is respected as the
descriptors only depend on the relative distance 𝑟𝑖𝑗 between pairs of atoms, as well as
the angle 𝜃𝑖𝑗𝑘 between triplets of atoms. Furthermore, invariance under permutations
of atoms is guaranteed by the summation over neighbors in Eq. (4.8) and Eq. (4.11).

The partial force acting on atom 𝑖 can be computed using the chain rule,

𝜕𝐸𝑖
𝜕𝑟𝑟𝑟 𝑖𝑗

=
𝑛Rmax

∑
𝑛=0

𝜕𝐸𝑖
𝜕𝑞𝑖𝑛

𝜕𝑞𝑖𝑛
𝜕𝑟𝑟𝑟 𝑖𝑗

+
𝑛Amax

∑
𝑛=0

𝑙3bmax

∑
𝑙=1

𝜕𝐸𝑖
𝜕𝑞𝑖𝑛𝑙

𝜕𝑞𝑖𝑛𝑙
𝜕𝑟𝑟𝑟 𝑖𝑗

+
𝑛Amax

∑
𝑛=0

𝑙4bmax

∑
𝑙=1

𝜕𝐸𝑖
𝜕𝑞𝑖𝑛𝑙𝑙 𝑙

𝜕𝑞𝑖𝑛𝑙𝑙 𝑙
𝜕𝑟𝑟𝑟 𝑖𝑗

+
𝑛Amax

∑
𝑛=0

𝑙5bmax

∑
𝑙=1

𝜕𝐸𝑖
𝜕𝑞𝑖𝑛𝑙𝑙 𝑙 𝑙

𝜕𝑞𝑖𝑛𝑙𝑙 𝑙 𝑙
𝜕𝑟𝑟𝑟 𝑖𝑗

,
(4.12)

where we have additionally included the four- and five-body angular descriptors. Note
that the derivative is taken with regard to the distance vector between atoms 𝑖 and 𝑗, 𝑟𝑟𝑟 𝑖𝑗 .
We can now construct the force acting on atom 𝑖 due to atom 𝑗 to respect Newton’s third
law, 𝐹𝐹𝐹 𝑖𝑗 = −𝐹𝐹𝐹 𝑗𝑖, as 𝐹𝐹𝐹 𝑖𝑗 = 𝜕𝐸𝑖/𝜕𝑟𝑟𝑟 𝑖𝑗 − 𝜕𝐸𝑗/𝜕𝑟𝑟𝑟 𝑗𝑖. The total force acting on atom 𝑖 from all
neighboring atoms can be obtained by direct summation,

𝐹𝐹𝐹 𝑖 = ∑
𝑖≠𝑗

𝐹𝐹𝐹 𝑖𝑗 . (4.13)

The per-atom virial, from which properties such as stress and heat-current can be de-
rived, can also be defined in terms of the partial force,

𝑊𝑊𝑊 𝑖 = ∑
𝑗≠𝑖

𝑟𝑟𝑟 𝑖𝑗 ⊗
𝜕𝑈𝑗
𝜕𝑟𝑟𝑟 𝑗𝑖

. (4.14)

These analytical expressions for the energies, forces, and virials are computationally
cheap to evaluate, and since Eq. (4.7), Eq. (4.13), and Eq. (4.14) can be evaluated for all
atoms in the system in parallel the NEP formalism maps efficiently onto graphics pro-
cessing units (GPUs).
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4.3.2 Training NEPmodels
NEPs are trained byminimizing the following loss function, where the first three terms
are the root mean squared error (RMSE) loss with regards to energy, forces, and virials,
respectively,

𝐿(𝑧𝑧𝑧) = 𝜆𝑒 ( 1
𝑁str

𝑁str

∑
𝑛=1

(𝐸NEP(𝑛, 𝑧𝑧𝑧) − 𝐸tar)2)
1/2

+ 𝜆𝑓 ( 1
3𝑁

𝑁
∑
𝑖=1

(𝐹NEP𝑖 (𝑧𝑧𝑧) − 𝐹 tar𝑖 )2)
1/2

+ 𝜆𝑣 ( 1
6𝑁str

𝑁str

∑
𝑛=1

∑
𝜇𝜈

(𝑊NEP𝜇𝜈 (𝑛, 𝑧𝑧𝑧) − 𝑊 tar𝜇𝜈 )
2)

1/2

+ 𝜆1 1
𝑁par

𝑁par

∑
𝑛=1

|𝑧𝑛| + 𝜆2 ( 1
𝑁par

𝑁par

∑
𝑛=1

𝑧2𝑛)
1/2

(4.15)

with 𝑧𝑧𝑧 denoting the trainable parameters of the model, 𝑁str the number of structures
in the current batch, and 𝑁 the total number of atoms in the current batch. Super-
scripts NEP and tar represent predicted and target values, respectively. The last two
terms, weighted by factors 𝜆1 and 𝜆2, are 𝐿1 and 𝐿2-regularization terms, whichmakes
Eq. (4.15) an elastic-net loss [160]. An elastic net combines the benefits of L1 (Lasso) and
L2 (ridge) regression, and yields a sparse model.

The loss inEq. (4.15) isminimizedusing a separable natural evolution strategy (SNES)
[161], which is an evolutionary optimization algorithm. The general idea of SNES is to
optimize a distribution for each parameter, instead of a single value as in most other
optimization techniques. This scheme is implemented as follows [162]. Let the param-
eters 𝑧𝑧𝑧 be distributed according to a joint𝑁par-dimensional Gaussian distribution, 𝑧𝑧𝑧 ∼
𝒩 (𝑚𝑚𝑚, 𝑠𝑠𝑠), where𝑚𝑚𝑚 and 𝑠𝑠𝑠 are the mean and standard deviation vectors respectively. This
parameter distribution is iteratively updated according to the natural gradient of the
fitness 𝐽 (𝑧𝑧𝑧),

𝐽 (𝑧𝑧𝑧) = 𝔼[−𝐿(𝑧𝑧𝑧)] = −∫𝐿(𝑧𝑧𝑧)𝑝(𝑧𝑧𝑧|𝑚𝑚𝑚, 𝑠𝑠𝑠)𝑑𝑧𝑧𝑧, (4.16)

which is the expected value of the loss functionunder the searchparameter distribution,
𝑝(𝑧𝑧𝑧|𝑚𝑚𝑚, 𝑠𝑠𝑠). First,𝑁pop samples 𝑧𝑧𝑧𝑘 are drawn from the distribution, 𝑧𝑧𝑧𝑘 = 𝑚𝑚𝑚+𝑠𝑠𝑠 ⊙𝑟𝑟𝑟𝑘 where
𝑟𝑟𝑟𝑘 ∼ 𝒩 (0, 1), which each can be seen as an instance of the NEP model. The symbol ⊙
denotes the Hadamard (element-wise) product. Second, 𝐿(𝑧𝑧𝑧𝑘) is evaluated for each of
the𝑁pop models in the current generation, the models are sorted in ascending order of
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Figure 4.3: An example of how the loss function in Eq. (4.15) (a, b) and the magnitude of the
weights in the hidden and output layers of the NN change (c, d) as a function of training genera-
tion. The effect of regularization can clearly be observed in many of the model weights decreas-
ing in magnitude as the training progresses, starting around 50 000 generations.

the loss score, and each of the models is assigned a value 𝑢𝑘 according to its rank (see
[163] for explicit values of 𝑢𝑘 ). Third, the natural gradients of the fitness with respect to
𝑚𝑚𝑚 and 𝑠𝑠𝑠 are computed,

∇𝑚𝑚𝑚𝐽 (𝑧𝑧𝑧) =
𝑁pop

∑
𝑘=1

𝑢𝑘𝑟𝑟𝑟𝑘

∇𝑠𝑠𝑠𝐽 (𝑧𝑧𝑧) =
𝑁pop

∑
𝑘=1

𝑢𝑘(𝑟𝑟𝑟𝑘 ⊙ 𝑟𝑟𝑟𝑘 − 1),
(4.17)

which, finally, are used to update the mean and standard deviations of the parameter
distribution,

𝑚𝑚𝑚 ← 𝑚𝑚𝑚 + 𝜂𝑚𝑚𝑚(𝑠𝑠𝑠 ⊙ ∇𝑚𝑚𝑚𝐽 (𝑧𝑧𝑧))
𝑠𝑠𝑠 ← 𝑠𝑠𝑠 ⊙ exp (𝜂𝑠𝑠𝑠2 ∇𝑠𝑠𝑠𝐽 (𝑧𝑧𝑧)).

(4.18)

𝜂𝑚𝑚𝑚 and 𝜂𝑠𝑠𝑠 are the equivalent of learning rates, and are set to 𝜂𝑚𝑚𝑚 = 1 and 𝜂𝑠𝑠𝑠 = (3 +
ln𝑁par)/(5√𝑁par) following Refs. [163, 164].
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Optimizing the loss functionusing thenatural gradient instead of, e.g., theEuclidian
gradient as in regular steepest descent optimization is beneficial, as the natural gradi-
ent takes the curvature of the loss landscape into consideration. This feature, in conjunc-
tion with the elastic-net regularization and the genetic form of the algorithm, leads to
an efficient optimization scheme that yields both an accurate and sparse final model
with few parameters contributing (Fig. 4.3). Sparsity is desirable as it decreases the
effect of overfitting, where the parameters are adjusted too tightly to the training set.
Overfitting can lead to the model predicting unphysical forces when it encounters an
out-of-distribution atomic configuration, affecting the accuracy of the MD trajectory.

4.3.3 Active learning and uncertainty estimates
A comprehensive training set that covers themost relevant parts of configuration space
is the most efficient method for minimizing the risk of the model extrapolating to un-
known structures. To achieve this, the training dataset 𝒟𝑖 is augmented using active
learning [165, 166]. Typically, an ensemble of at least 𝑁ens = 5models is trained on var-
ious random subsets of the training dataset𝒟𝑖 through a process known as bootstrap-
ping and aggregation, or bagging [167]. Then, a short MD simulation is run with one of
themodels, and for each atomic configuration the forces are predicted with each of the
𝑁ens models. The uncertainty of each structure is then estimated as the force on atom 𝑖
with the maximum standard deviation 𝜎 𝑖Force over the ensemble models. After the sim-
ulation, the structures with the largest uncertainties are selected and target energies,
forces and virials are computed using DFT, after which they are added to the dataset to
yield an augmented dataset𝒟𝑖+1. Selecting structureswith too large uncertaintymight
negatively impact the performance of the model, as the structures might be unphysical
and subsequently have extremely large forces. This procedure is then repeated around
3-10 times, until the uncertainty of the structures encountered during MD fall beneath
the force RMSE over the entire dataset, which can be seen as the achievable accuracy of
themodel. The initial dataset,𝒟0, is typically comprised of various rattled and strained
structures, starting from a reference structure via DFT.

Care must be taken when constructing the ensemble for active learning to ensure
that the estimate of the prediction uncertainty is not underestimated. The model un-
certainty will vary greatly depending on if one varies the data set, model hyperparam-
eters, or trains with different random seeds, when constructing the models in the en-
semble (Fig. 4.4). These different ensembleswill sample increasingly different localmin-
ima in the loss landscape, where amore varied ensemble leads to amore representative
estimate of the model uncertainty. Note, however, that the ensemble only probes the
model uncertainty part of the overall prediction uncertainty. The reliability of the ref-
erence DFT calculations stemming from choice of functional or an incomplete training
data set are examples of systematic sources of error, which ideally also should be inves-
tigated andmodelled when training a MLIP.
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Figure 4.4: (a, b) Estimated force uncertainty 𝜎Force evaluated for fivemodel ensembles on a SiO2
dataset. The uncertaintymagnitude depends on ensemble construction. The lowest uncertainty
is obtainedby sampling theSNESparameterdistributions inEq. (4.18),whichonly samples a sin-
gle local minimum. Introducing variation via different training subsets (bagging; “Vary data”)
or optimizer initializations (“Vary seed”) increases uncertainty by several orders of magnitude.
Further increases occur when model architecture is also varied, with the combination of data,
seed, and architecture variation producing the largest uncertainty. (c) These ensembles corre-
spond to sampling regions of different extent in the loss landscape: more diverse ensembles
explore more widely separated minima and better estimate the true model uncertainty.

By using active learning and ensemble uncertainties naïvely there is thus a risk of
underestimating the prediction uncertainty. However, even an ensemble consisting of
different model architectures, trained on different data and with different initializa-
tion,might underestimate the true prediction uncertainty. We can demonstrate this by
forcing a MD simulation to sample configurations that are outside of the distribution
covered by the training set, structures that are out-of-distribution for the NEP model,
by running a high temperature and pressure simulation. The descriptor vector alone is
an imperfect indicator of whether themodel can distinguish two atomic environments:
two structuresmay have different descriptors yet identical latent space representations,
in which case the model predicts identical energies regardless. The latent space repre-
sentation 𝛾𝛾𝛾 𝑖 for each atom, corresponding to Eq. (4.7) before summing to yield a pre-
dicted energy, is therefore a better probe [168, 169],

𝛾𝛾𝛾 𝑖 = 𝑤 (1)𝜇 tanh(
𝑁des

∑
𝜈=1

𝑤 (0)𝜇𝜈 𝑞𝑖𝜈 − 𝑏(0)𝜇 ) . (4.19)

To identify out-of-distribution configurations, we fit a GaussianMixtureModel𝑀 with
𝐾 Gaussians to the latent space configurations in the training set𝒟 , and evaluate the
probability of observing each latent space representation encountered during the MD
simulation,

𝑝(𝛾𝛾𝛾 𝑖|𝒟 ,𝑀) =
𝐾
∑
𝑘=1

𝜙𝑘𝒩 (𝛾𝛾𝛾 𝑖|𝜇𝜇𝜇𝑘 , ΣΣΣ𝑘), (4.20)
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Figure 4.5: A high-temperature (1000K), high-pressure (5GPa) MD simulation of a perylene
molecule under periodic boundary conditions (PBC) for 5 ps, that samples configurations be-
yond the training set. Atomic environment probabilities are computed via Eq. (4.20); the least
probable atom 𝑖 is highlighted in black (d). (a) Force magnitude for atom 𝑖 from DFT and NEP,
with mean 𝜇𝑖Force and 𝜎 𝑖Force. (b) Force error across the ensemble relative to DFT. Note that
𝜎Error, iForce ≠ 𝜎 𝑖Force, although they are similar; the former is the standard deviation in the errors,
whilst the latter is the standard deviation of the predictions. The dashed line indicates model
RMSE. (c) Force uncertainty and log-probability ln 𝑝(𝛾𝛾𝛾 𝑖|𝒟 ,𝑀) over time; uncertainty increases
and probability decreases near the least probable frame (462). (d) Atomic configuration at this
frame, colored by log-probability (colormap in e); atom 𝑖 in black. (e) Kernel density estimate of
latent representations for𝒟 (black), with the trajectory of atom 𝑖 colored by log-probability.

where 𝜇𝜇𝜇𝑘 andΣΣΣ𝑘 are the mean vector and covariance matrix of Gaussian 𝑘, respectively,
and themixtureweights 𝜙𝑘 sum to 1. Theprobability 𝑝(𝛾𝛾𝛾 𝑖|𝒟 ,𝑀) can then be interpreted
as the out-of-distributionness for a latent space vector 𝛾𝛾𝛾 𝑖; a low probability corresponds
to a less probable chemical environment around atom 𝑖, while a high probability means
that the configuration is firmly within the training dataset. The least probable frame
and atom in that frame can then be identified as the configurationwhich has the lowest
probability for any atom over the MD simulation (Fig. 4.5d).

By studying the predictions for the least probable atom 𝑖, we can see that our ensem-
ble uncertainty estimate falls short. Already a few hundred MD steps before the least
probable configuration, the latent space probability begins to decline and the force er-
rors relative to DFT start to grow (Fig. 4.5a–c). Yet the standard deviation in the force
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prediction for atom 𝑖, 𝜎 𝑖Force, remains close to the model RMSE throughout, and does
not reflect the actual error (Fig. 4.5b and c). The ensemble is confidently wrong.

The probability dips sharply for the least probable atomic configuration (Fig. 4.5c),
and then recovers but trends downwards for the subsequent frames while 𝜎 𝑖Force contin-
ues to increase. This analysis suggests that ln 𝑝(𝛾𝛾𝛾 𝑖|𝒟 ,𝑀) can be used to identify out-of-
distribution configurations during a MD simulation, perhaps even as a replacement to
using an ensemble to compute anuncertainty estimate. Training a singlemodel instead
of an ensemble of 𝑁ens = 5 NEP models would dramatically save compute resources,
as training a NEP model typically requires on the order of 100-400GPUh¹. The full en-
semble must be refit for each generation of active learning, leading to a considerable
computational effort.

As an aside, the out-of-distribution analysis also yields an heuristic for how to se-
lect structures from active learning. The point where 𝜎 𝑖Force starts to increase roughly
coincides with the increase in force error compared to DFT (Fig. 4.5b and c), which is
precisely what we aim to minimize through active learning. A good threshold for the
uncertainty at which to select structures during active learning is thus when 𝜎 𝑖Force is
greater than the model RMSE in the NEP loss (Eq. (4.15)), i.e., when the uncertainty is
greater than the prediction error.

4.3.4 The NEP framework in practice
Theformalism, optimization, and trainingprocedureoutlined in the threeprevious sub-
sections are key for the success of the NEP approach. To demonstrate this in practice,
extensive benchmarking comparingNEP to five other state-of-the-artmodels has been
performed. This includes MACE [142], NequIP [140], Allegro [141], and linear and non-
linear models based on the ACE framework [146–148]; all models have been tested for a
range of different hyperparameters. The models were all trained and evaluated on the
extensive test for SiO2 from Leimeroth et al. [170]. NEP achieves competitive accuracy
on both energies and forces, although it is outperformed by the graph neural network
(GNN)–based message passing models MACE and NequIP (Fig. 4.6a and b). Message
passing propagates information along the molecular graph, effectively increasing the
receptive field beyond the cutoff radius 𝑟𝑐 of themodel. Localmodels, such asNEP, have
a receptive field limited by the cutoff radius 𝑟𝑐, and can be loosely viewed as aGNNswith
a single message passing step. However, message passing negatively impacts computa-
tional performance, and this is where NEP excels. For a small cell of 6144 atoms, NEP is
almost two orders of magnitude faster than themost accurateMACE andNequIPmod-
els, and roughly one order faster than the least accurate but fastest models. Compared
to linear and non-linear ACE, models that architecturally are similar to NEP, NEP is

¹For example, training a model on a dataset with about 1000 structures and 100 000 atoms takes
around 50 h using four NVIDIA A100 GPUs.
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Figure 4.6: Benchmarks comparing NEP to various other state-of-the-art models as of 2026 for
an amorphous SiO2 system fromLeimeroth et al. [170]. TheMACEandACEmodelswhere taken
from Ref. [170], while the NequIP and Allegro models were retrained to benefit from recent op-
timizations using model compilation for these models. Themodels used in panels (c–e) are the
fastest models from panel (a) and (b). The simulations for NEP were performed using GPUMD,
while the rest were runwith KOKKOS in LAMMPS, all using a time step of 1 fs and run on a single
NVIDIA H200 GPU.

almost a factor of two faster. Interestingly, the fastest Allegro models achieve worse
performance than NEP, and the model that outperforms NEP in accuracy has approxi-
mately the same computational performance asMACE. Allegro is a local-only version of
NequIP without any message passing steps, just like NEP, and the fact that a complex
model is required to beat the accuracy of NEP demonstrates the efficiency of the NEP
approach. TheMD simulations for the timing results were performed with GPUMD for
NEP, and with LAMMPS for the other models [171, 172]. All LAMMPS simulations were
performed using the KOKKOS package, and model compilation was enabled where sup-
ported [173–176]. ACEmodels also used the PACE implementation in LAMMPS [177].

NEPscaleswell to large systems, and is approximatelyfive times faster than the fastest
competing model, a small basis set linear ACE model, for 106 atoms (Fig. 4.6d). With
NEP, you canperform 80 ns ofMDsimulation in a daywith a 1 fs time step for 104 atoms
on an NVIDIA H200 GPU, and 3 ns for 106 atoms (Fig. 4.6c). This is consistently al-
most an order of magnitude more than what can be achieved with the fastest Allegro
andMACEmodels for the same system sizes.

Memory use is the primary driver for what hardware is needed in order to run sim-
ulations. A high-end consumer GPU like the NVIDIA RTX 5080 that can be found in a
workstationhas 16GBof graphicsmemory. This limits simulations to tens of thousands
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Figure 4.7: Pushing the limits of the NEP approach on a single node, by performing large MD
simulations for SiO2. All simulationswere runwithGPUMD,with a time step of 1 fs, onNVIDIA
H200 GPUs. NEP scales efficiently to eight GPUs, achieving a speedup of five, and reaches a
maximum system size of 364million atoms using memory oversubscription from GPU to host
memory.

of atoms for MACE, and hundreds of thousands for Allegro, while NEP and ACE scale
into themillions (Fig. 4.6e). The scaling results are for the small and thus fastestmodels
for MACE, NequIP, and Allegro, with few layers and small basis sets. Memory usage
grows sharply with model size for these architectures, where the most accurate MACE
model with 256message passing channels exhausts theH200’s 141GBof videomemory
around 2 × 104 atoms, while NEP and ACE remain roughly constant as the model size
is changed. Note also that all models here are trained specifically for SiO2; the memory
footprint of foundationmodels such as MACE-MP-0 is considerably larger.

NEP also parallelizes efficiently tomultiple GPUs, achieving a speedup of about a fac-
tor of five when using eight H200 GPUs (Fig. 4.7). A speedup of five out of a possible
eight indicates reasonably efficient scaling, despite the communication overhead that
grows with GPU count. By enabling oversubscribing of GPUmemory to using the host
memory, which for a full node with 8 H200 GPUs leads to a combined 1.1 TB of video
memory and 2.1 TB of system memory, we can simulate up to 364 million atoms on a
single node. Using the host memory is significantly slower than the video memory on
the GPUs and is currently an experimental feature in GPUMD, which explains why the
performance when oversubscribing memory is on par with that of a single GPU, albeit
at much larger system sizes.

These benchmarks highlight the design principle of NEP: high computational effi-
ciency without sacrificing accuracy, enabled by GPUMD’s native C++/CUDA implemen-
tation. NEP in GPUMD thus directly addresses the need of simulating large systems of
chromophores for long time scales identified in the previous chapter, and has been the
MLIPof choice throughout the thesis. Rawperformance alone is not sufficient, however.
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Features, ecosystem integration, and usability are equally important for a practical sim-
ulation engine. To this end, I have contributed several features to GPUMD, including
the active learningmodule, and developed CALORINE, presented in paper IV. CALORINE
is a Python toolbox for GPUMD simulations andNEP construction that streamlines the
user experience. It also makes NEP-models transferable to other Python-based work-
flows through integrationwith theAtomicSimulationEnvironment (ASE) [178],making
NEPs available to the broader materials research community.

4.4 Fine-tuning foundation models
So far in this chapter we have focused on MLIPs trained for a specific system, which
we can call custom models. This means that a new model needs to be trained for each
system or material of interest, which requires considerable computational effort and
time. A recent development is the concept of foundational MLIPs, models trained on
large parts of the periodic table. These models boast competitive performance on a
broad range of inorganic and organic systems, at the cost of extensive computational
effort in terms of training data and training of the actual model, as well as increased
model complexity. Examples of foundation models include ones based on the MACE
(e.g. MACE-MP0 [179], MACE-OFF23 [180]), and NequIP frameworks [181], as well as
M3GNet [182], CHGNet [183], and PET-MAD [152]. These are highly accurate equivari-
ant models, but scale poorly to large systems. In particular, foundational models based
on these frameworks tend to scale even worse than the custom models based on the
NequIP andMACE frameworks that we considered in Sect. 4.3.4. In paper Vwe present
theNEP89 foundationalmodel, which can handle systems containing up to 89 different
chemical elements while preserving the simple architecture and high computational ef-
ficiency of the NEP framework. This is enabled by the NEP4 framework [184], which
ensures descriptors scale only quadratically and the neural network linearly in the num-
ber of chemical species. NEP89 scales to systems containing tens of millions of atoms
and beyond, and is trained for crystalline, amorphous, andmolecular systems.

Foundationmodels followtheoldadage “jack-of-all-trades,masterofnone”. Although
they are performant on average for a broad range of systems, in practice they fall short
of the accuracy required for many applications. In these cases, foundational models
can be fine-tuned by training on small amounts of data for the system of interest. We
can demonstrate this for the NEP89 model by fine-tuning on 100 structures from the
extensive dataset for SiO2 from Leimeroth et al. [170] that we used in Sect. 4.3.4. The
crystalline phases of SiO2 are quite close in energy, and NEP89 gives the wrong phase
order compared with DFT, where 𝛼-quartz is predicted as the second lowest phase in
energy. The order of phases change during fine-tuning, with the biggest change oc-
curring at around 600 fine-tuning generations, at which point 𝛼-quartz and 𝛽-quartz
are the lowest in energy (Fig. 4.8a and b). Although the losses continue to decrease as
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Figure 4.8: Finetuning on 100 structures from Leimeroth et al. [170] for SiO2 over 50 000 gen-
erations. (a) Predicted phase energy and (b) order for each generation of finetuning, compared
to NEP89, a custom NEP, and DFT with the SCAN exchange correlation functional. (c) Energy
and (d) force RMSE evaluated on the test set from Leimeroth et al. (Test), the part of the original
NEP89 training set containing SiO2 (Original), and the finetuning dataset (Finetuning).

finetuning continues, the phase order changes dramatically, with the final fine-tuned
model giving a vastly different phase order compared to a customNEPmodel and DFT,
with coesite as the lowest lying phase. This suggests that the model is starting to over-
fit to the finetuning data, leading to a catastrophic “forgetting” of the original training
data that worsens performance, whichmight not be obvious from themonitored losses
alone (Fig. 4.8c and d). It is thus important to carefully monitor performance on the
property of interest during fine-tuning, in addition to the original dataset.

Molecular systems, such as perylene, pose additional challenges due to the impor-
tance of weak intermolecular interactions. We can illustrate this issue by fine-tuning
NEP89 on 42 perylene structures. Fine-tuning improves the accuracy of the predicted
inter- and intramolecular forces on an external test set compared to the original NEP89
model, albeit not to the same level as a customNEP (Fig. 4.9). However, all NEPmodels
perform significantly better on the stronger intramolecular forces than on the weaker
intermolecular forces (Fig. 4.9). This trend is particularly pronounced for OPLS, a clas-
sical FF for organic systems [185] that explicitly treats intermolecular van der Waals-
forces and electrostatic Coulomb interaction. Interestingly, OPLS reproduces themean
squareddisplacement (MSD) anddensity of thefine-tuned and customNEPmodels rea-
sonably well (Fig. 4.10b and c), yet its molecular centroid-to-centroid pair distribution
function differs markedly, exhibiting fewer peaks indicating a different supramolecu-
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Custom NEP

−0.2 0.0 0.2

DFT force
(eV/Å)
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Figure 4.9: Predicted intramolecular and intermolecular forces for NEP89, fine-tuned NEP89
(42 perylene structures), a custom NEP, and the FF OPLS, with RMSE and R2 insets. DFT ref-
erence forces were computed with the vdW-DF-cx functional [124]. All NEP models reproduce
the intramolecular forces well but struggle with the intermolecular forces, which are roughly an
order of magnitude smaller. OPLS performs worse than all NEPmodels.

lar structure (Fig. 4.10a). This inconsistency highlights the subtlety of intermolecular in-
teractions, where an inaccurate treatment can go undetected in some properties while
giving a clear signature in others.

Intermolecular interactions from, e.g, van derWaals-forces and electrostatic interac-
tions, are typically not explicitly modeled in MLIPs, including NEP. The expectation is
instead that the MLIP will learn these effects implicitly from the training data. In prac-
tice, this implicit learning is hampered by intermolecular forces contributing weakly to
the loss function relative to the stronger intramolecular forces. A further, more fun-
damental challenge is the inherently local nature of cutoff-based MLIPs, with cutoff
radii on the order of 6Å. While this is enough for many atomic and crystalline sys-
tems, intermolecular interactions inmolecular systemcan extend over longer distances.
Message-passing architectures such as MACE and NequIP increase the receptive field
of the model and possibly the accuracy in reproducing these forces, but they do not ad-
dress this fundamental limitation.

Aggregation andglass dynamics in chromophores rely on an accurate treatment of in-
termolecular interactions, and remains an outstanding challenge for the workflow de-
veloped in this thesis. This can be addressed in several ways: Grimme D3-dispersion
[186] can be added during MD simulations, the loss function can be reweighted to pe-
nalize errors on theweak intermolecular forces separately fromthe intramolecular ones,
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(Å

2
)

b)

400 600 800

Temperature (K)

0

500

1000

1500

2000

D
en

si
ty

(k
g/

m
3
)

c)
Experimental
density @ 300K

NEP89 Fine-tuned Custom NEP OPLS

Figure 4.10: Simulated properties from large-scale MD simulations of 2000 perylene molecules
with NEP89, a fine-tuned NEP89model trained on 42 structures, a customNEPmodel for pery-
lene, and the classical force field OPLS. (a) Molecular pair distribution function at 600K. (b)
Molecular MSD based on the position of the centroid in each molecule, at 600K. (c) Density as
a function of temperature. Note that the density is missing for the fine-tuned NEP89 model at
800K, since the simulation failed.

andcoarse-grainedrepresentations couldextend theeffective cutoff range. Mostpromis-
ing is qNEP [187], which predicts atomic charges alongside energies and forces, en-
abling long-range Coulomb interactions and directly addressing the locality limitation.

Despite this challenge, NEP offers exceptional computational performance and com-
petitive accuracy, precisely the properties demanded by the large-scaleMD simulations
in this thesis.
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5
Connecting to experiments I—

Beyond forces

I will primarily use unnecessarily complicated and highly
inefficient but really huge neural network models to burn a lot
of computer time. The goal of this project is to max out the
power consumption of as many GPUs as possible. The
approach is based on large language models that have been
shown to be super duper good in creating heat.

Paul, 2024

Equippedwithaccurateandefficientmachine-learned interatomicpotentials (MLIPs)
basedon theneuroevolutionpotential (NEP) framework,wenowhaveeverythingneeded
for accurate and large-scale molecular dynamics (MD) simulations. Connecting these
simulations to experiments requires correlation functions of specific observables de-
pending on the experiment, as discussed in Chapter 3. However, many of these observ-
ables require additional electronic structure calculations, negating the computational
gains of using a MLIP. This raises the question: can we extend the NEP framework to
predict such observables directly? In this chapter, we explore two extensions in this di-
rection. The first, the tensorial neuroevolution potential (TNEP) framework, extends
NEP to tensorial properties, such as dipoles and polarizabilities, establishing a direct
link to infrared (IR) and Raman spectroscopy via their autocorrelation functions (ACFs).
The second extension takes the idea further by using the NEP descriptors as input for a
more expressive neural network (NN), capable of predicting the frequency-dependent
complex-valued dielectric function, fromwhich observables such as absorption spectra
and optical band gaps can be obtained.
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5.1 Tensorial properties with the NEP framework
In paper VI we present the TNEP framework, which builds tensorial predictions on two
related quantities: the partial force 𝜕𝑈𝑖/𝜕𝑟 𝜈𝑖𝑗 , and the rank-2 virial tensor𝑊 𝜇𝜈 ,

𝑊 𝜇𝜈 = −
𝑁
∑
𝑖
∑
𝑗≠𝑖

𝑟𝜇𝑖𝑗
𝜕𝑈𝑖
𝜕𝑟 𝜈𝑖𝑗

, (5.1)

where 𝑟 𝜈𝑖𝑗 is the 𝜈-component of the interatomic distance vector 𝑟𝑟𝑟 𝑖𝑗 = 𝑟𝑟𝑟 𝑗 − 𝑟𝑟𝑟 𝑖. Although
rank-1 tensors such as the molecular dipole moment 𝜇𝜇𝜇 or the electric polarization 𝑃𝑃𝑃
might seemdirectly predictable from the partial forces, this fails since the partial forces
sumtozerobyconstruction. Instead, theTNEPframeworkdefines rank-1 tensors through
a contraction of the virial tensor with a vector,

𝜇𝜈 = −
𝑁
∑
𝑖
∑
𝑗≠𝑖

∑
𝜇
𝑟𝜇𝑖𝑗 (𝑟𝜇𝑖𝑗

𝜕𝑈𝑖
𝜕𝑟 𝜈𝑖𝑗

) = −
𝑁
∑
𝑖
∑
𝑗≠𝑖

𝑟2𝑖𝑗
𝜕𝑈𝑖
𝜕𝑟 𝜈𝑖𝑗

. (5.2)

For rank-2 tensors such as themolecular polarizability 𝛼𝜇𝜈 or electric susceptibility 𝜒𝜇𝜈 ,
the virial tensor is slightly adapted for numerical stability,

𝛼𝜇𝜈 =
𝑁
∑
𝑖
𝑈𝑖𝛿𝜇𝜈 −

𝑁
∑
𝑖
∑
𝑗≠𝑖

𝑟𝜇𝑖𝑗
𝜕𝑈𝑖
𝜕𝑟 𝜈𝑖𝑗

, (5.3)

where the Kronecker delta 𝛿𝜇𝜈 stabilizes the predictions, since the diagonal elements
tend to dominate over the off-diagonal elements.

In paper VI we apply the TNEP framework to the molecular dipole, electric polariza-
tion, molecular polarizability, and the electric susceptibility¹ to enable simulation of IR
and Raman spectra, two widely used, nondestructive spectroscopic techniques. These
spectra can be simulated at finite temperatures using ab-initioMD, where the relevant
tensorial quantities are computed at every step using density functional theory (DFT),
which is accurate but limited in accessible system sizes and time scales. The TNEP ap-
proach predicts both forces and tensorial properties, inheriting the efficiency of the
NEP framework (Fig. 5.1a). For IR spectroscopy, the relevant quantity is the dipole 𝜇𝜇𝜇 or
polarization 𝑃𝑃𝑃 , the ACF of which yields the isotropic IR absorption cross section [192],

𝜎(𝜔) ∝ 𝜔2
2𝜋 ∫

∞

−∞
⟨|𝜇𝜇𝜇(𝑡)||𝜇𝜇𝜇(𝑡 + 𝜏)|⟩𝑡 𝑑𝜏 . (5.4)

Other machine-learned approaches for the dipole moment and related spectroscopic
quantities have been proposed [193–195], including the recent MACE4IRMOL founda-
tionmodel [196], though TNEP stands out for its favourable computational scaling.

¹The distinction betweenmolecular and electronic properties refers to the ambiguity in defining po-
larization for periodic systems, handled via themodern theory of polarization [188–191].
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5.1. Tensorial properties with the NEP framework
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Figure 5.1: (a) Schematic of howaNEPandTNEPmodel evaluate forces and themolecular dipole
moment 𝜇𝜇𝜇 at each time step during MD to predict IR spectra via correlation functions. (b) The
all-trans isomer of retinal, C20H28O. (c) IR spectrum for all-trans-retinal from TNEP obtained
at 300K, compared with experiments [198] and the 0K IR spectrum from DFT calculated using
VELOXCHEM [53–55] with the B3LYP functional [199] and the DEF2-SV(P) basis set.

As an example, consider the IR spectrum of the chromophore retinal (Fig. 5.1b). Reti-
nal is a vitamin A derivative responsible for light absorption in eyes, enabling vision
among vertebrates [197]. It is a preferred model system over perylene for TNEP, since
the permanent dipole moment in retinal makes it a straightforward quantity to learn.
Perylene, on theotherhand, isnon-polar, andany instantaneousmoleculardipole arises
from small variations in themolecular shape due to thermal fluctuations, which are dif-
ficult to learn due to a small signal-to-noise ratio in the reference dipole moments.

By constructing a NEP and a TNEPmodel for retinal on about 800 structures, we pre-
dict both forces and dipole moments over a NVE MD simulation with equilibration in
NVT at 300K, from which the IR spectrum can be computed using Eq. (5.4). The TNEP
spectrumis consistentwith the0KDFTreference, thoughbothoverestimate vibrational
frequencies, most notably in the C–H stretch region around 325meV to 400meV, rela-
tive toFourier-TransformIR (FTIR)measurements [198] (Fig. 5.1c). The intensities of the
softer librationalmodes of themethyl groups are also underestimated by bothmethods,
which indicates an underestimation of the associated dipole moment by DFT. Overall,
however, the predicted spectra fromTNEPandDFTare both in semi-quantitative agree-
ment with experiment, but the NEP and TNEPmodels can be evaluated at a fraction of
the cost of DFT. NEP and TNEP additionally gives access to temperature dependence
and anharmonic effects, which are not included in the 0KDFT spectrum.
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Chapter 5. Connecting to experiments I— Beyond forces

5.2 Dielectric functions from NEP descriptors
While the TNEP approach captures tensorial properties, they are by construction eval-
uated as static quantities at each time step. The frequency dependence of dynamical
observables such as an IR spectrum can be obtained via correlation functions, but elec-
tronic properties such as the dielectric function or the electronic density of states are in-
trinsically electronic and cannot be resolved from the ionic dynamics alone. This raises
the question of whether the full frequency-dependent spectrum of such a property can
be predicted directly from atomistic descriptors usingmachine learning (ML).The elec-
tronic density of states is an example that has attracted attention in the literature, with
several models trained to predict it across broad materials classes, following the phi-
losophy of universal MLIPs [200–202]. However, universal models require large train-
ing datasets containing tens of thousands to millions of structures, and although they
yield on average acceptable performance theymight fail for individual systems. System-
specificmodels can in principle achieve comparable or better accuracywith far less data.

Another, more challenging, target that depends on pairs of electronic states is the
electronicdielectric function 𝜖𝜖𝜖(𝜔). Theelectronicdielectric function is a complex-valued,
frequency dependent rank 2-tensor that relates the polarization 𝑃𝑃𝑃 , the induced total
dipole moment per unit volume in the system, to an external field𝐸𝐸𝐸 [192],

𝑃𝑃𝑃 = 𝜒𝜒𝜒(𝜔)𝐸𝐸𝐸 = 1
4𝜋 (𝜖𝜖𝜖(𝜔) − 1)𝐸𝐸𝐸 (5.5)

where𝜒𝜒𝜒(𝜔) is the electric susceptibility. A key property of 𝜖𝜖𝜖(𝜔) is that the real and imag-
inary part of the dielectric function, 𝜖𝜖𝜖(𝜔) = 𝜖𝜖𝜖Re(𝜔)+𝑖𝜖𝜖𝜖Im(𝜔), are not independent. They
are related to each other via the Kramers-Kronig relation,

𝜖Re𝑖𝑗 (𝜔) = 1 + 2
𝜋 𝒫 ∫

∞

0
𝜖Im𝑖𝑗 (𝜔′) 𝜔′

𝜔′2 − 𝜔2 𝑑𝜔′, (5.6)

where 𝑖 and 𝑗 are Cartesian directions and𝒫 denotes the principal value of the integral.
Predicting either 𝜖𝜖𝜖Re(𝜔) or 𝜖𝜖𝜖Im(𝜔)with aMLmodel is therefore sufficient to recover the
other. Evaluating the loss over both representations of the dielectric function effectively
adds a regularization constraint that ensures physically meaningful predictions.

In paper VII we present a system-specific model for predicting the electronic dielec-
tric function 𝜖𝜖𝜖(𝜔) directly from pretrained NEP descriptors for crystalline, amorphous,
and liquid SiO2. Compared to the broad chemical range targeted by current univer-
sal models for the density of states, we target the dependence of 𝜖𝜖𝜖(𝜔) on temperature,
pressure, phase, and local structure, which requires considerably higher accuracy. We
focus on a single system and predict the isotropic average, 𝜖(𝜔) = 𝜖Re(𝜔) + 𝑖𝜖Im(𝜔),
rather than the full tensor. To ensure that the spectrum is physically well-behaved, 𝜖(𝜔)
is parametrized as a sum of Lorentzian functions by the model (Fig. 5.2), from which
both the real and imaginary parts are constructed analytically.
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Figure 5.2:Themodel classes,multi-layer perceptron and graph neural network (GNN), used for
predicting thedielectric function fromatomdescriptors inpaperVII. Fromanatomicdescriptor
a set of Lorentzians are predicted, typically 60, from which the real and imaginary part of the
pseudo-dielectric function for that atom is constructed. The dielectric function for the entire
system is then obtained by averaging the pseudo-dielectric functions.

PretrainedNEPdescriptorsmake the approach very data efficient, accurately predict-
ing the dielectric function with only 200 reference calculations (Fig. 5.3a-c). We trained
two model classes, based on a multi-layer perceptron and a two-layer GNN, both of
which reproduce the DFT reference equally well. This indicates that the NEP descrip-
tors account for most of the prediction accuracy, rather than the model architecture.

The dielectric function gives direct access to the optical absorption coefficient [203],

𝜂(𝜔) ∝ 𝜔√|𝜖(𝜔)| − 𝜖Re(𝜔). (5.7)

The optical band gap can be estimated from the absorption coefficient via the Tauc gap
[204], conventionally obtained by extrapolating the tail of the absorption coefficient to
zero. Following Ref. [205], we instead used a less conventional approach, where the
Tauc gap is estimated as the energy atwhich the absorption coefficient exceeds a thresh-
old value of 5 × 103 cm−1 (Fig. 5.3c). We evaluated the Tauc gap as a function of tem-
perature using large-scale MD simulations, averaging over an ensemble of multi-layer
perceptron and GNNmodels to obtain prediction uncertainty estimates (Fig. 5.3d). The
ensemble reproduces the experimentally observed temperature slope, but with a con-
stant offset. This offset is a consequence of the band gap underestimation in the PBE
exchange–correlation (XC) functional [206, 207], which was corrected for by shifting
the dielectric functions to match the experimental band gap of the 𝛼-quartz phase.

A conceptual challenge in this approach is that the dielectric function is a global prop-
erty of the system, while the NEP descriptors are local to individual atoms. Rather than
aggregating local features at an intermediate stage of the model, we instead predict a
pseudo-dielectric function for each atom individually and take themean to produce the
system-level dielectric function. This choice is physicallymotivated bymixed-phase sys-
tems, in which the predicted dielectric function is the average of the contributions of
each phase. A single global prediction can in these cases lead to non-physical behav-
ior, asmixed-phase structures were not included in the training set. The approach does

47



Chapter 5. Connecting to experiments I— Beyond forces

0

5
a) εRe(ω)

DFT GNN MLP

0

5

D
ie

le
ct

ric
fu

nc
tio

n

b) εIm(ω)
α-quartz
Amorphous
Stishovite

0 5 10 15 20 25

Energy (eV)

103

105

A
bs

or
pt

io
n

(1
/c

m
)

Tauc gap threshold

c) η(ω)

1000 1500 2000 2500 3000

Temperature (K)

6

7

8

Ta
uc

ga
p

(e
V

)

d) Amorphous SiO2

Combined
DFT (PBE)
Experiment

Figure 5.3: Predicted real (a) 𝜖Re and imaginary (b) 𝜖Im part of the dielectric function, as well
as absorption coefficient 𝜂(𝜔) (c), for both model classes and compared to a DFT reference. All
models reproduce the DFT reference. Panel (c) also shows the threshold used for estimating the
Tauc-gap, following Ref. [205]. (d) The temperature dependence of the Tauc-gap in amorphous
SiO2 for a combinedmodel ensemble consisting of a total of 12multi-layer perceptron andGNN
models trained on different splits of the training data, with the error band corresponding to a
95% confidence interval. Reference DFT calculations used the PBE XC functional [206] and are
from [203], and experimental values are from [205].

carry limitations: storing the full pseudo-dielectric function per atom is memory in-
tensive, and the simple mean implicitly assumes independent contributions from each
atom. A global prediction, on the other hand, is more memory efficient and sufficient
for single-phase systems. Whether an aggregation scheme that considers correlations
between pseudo-dielectric functions would improve predictions in mixed-phase sys-
tems is an open question and a natural direction for future work.

Extending this approach to chromophores is considerablymore demanding. Both in-
tramolecular and intermolecular interactions shape the electronic structure and optical
response, producing a dielectric function that is highly sensitive to the relative orien-
tation of the molecules. For example, small structural changes drive the spectral shifts
characteristic ofH-and J-aggregates. Accurately reproducing these shifts is an essential
benchmark for a unified framework connecting chromophore structure, dynamics, and
optical properties. This remains out of reach with the current NEP framework, where
intermolecular interactions are not yet accurately captured (Sect. 4.4). Improving the
description of these interactions is therefore a prerequisite for extending the dielectric
function approach to molecular systems, and a natural next step toward a fully predic-
tive simulation framework for chromophores.
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6
Connecting to experiments II —
Simulating neutron scattering

I’m afraid neutrons will not be of any use to any one.

Sir James Chadwick,
discoverer of the neutron

Neutron scattering is one of the most important experimental techniques for study-
ing the structure and dynamics of chromophores, as neutrons are excellent probes for
organic matter. In neutron scattering, the neutron scatters directly off the atomic nu-
clei, with scattering cross-sections that vary greatly and non-monotonically across the
periodic table. Hydrogen, in particular, scatters neutrons strongly, making the tech-
nique especially sensitive to dynamics in hydrogen-rich organic matter such as chro-
mophores. Neutrons additionally transfer relatively small amounts of kinetic energy to
the sample under study, typically in the meV range, which is comparable to the energy
scales associatedwithmolecularmotionandotherprocesses relevant to thedynamics of
chromophores. Unfortunately, producing neutrons requires large facilities, such as nu-
clear reactors or spallation sources, and, hence, these are only available in a handful of
locationsglobally (Fig. 6.1). Simulationsplayakey role inoptimallyutilizing these scarce
neutrons, not only in interpreting experimental results, but also serving as a guide for
which experiments to conduct.

Just as we saw in Chapter 5 for IR and Raman spectroscopy, correlation functions
also link simulations to neutron scattering. The dynamic structure factor 𝑆(𝑞𝑞𝑞, 𝜔) is the
central quantity in neutron scattering, obtained as an autocorrelation function (ACF)
of the time-dependent particle density, and it is a remarkable correlation function that
describes the structure and dynamics in a system [87, Chapter 5].
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Chapter 6. Connecting to experiments II — Simulating neutron scattering

(a) TUDelft, the Netherlands (b) SINQ, Switzerland

(c) J-PARC, Japan (d) ESS (under construction), Sweden

Figure 6.1: Four of the handful of neutron scattering facilities globally. The TUDelft experimen-
tal reactor in theNetherlands, the SINQbeamline in Switzerland, the J-PARCbeamline in Japan,
and the ESS beamline in Lund, Sweden. Photos taken byme during visits to various beamlines.

In this chapter we will follow Squires [208, Chapters 1, 2 and 4] in deriving the dy-
namic structure factor, anddemonstratehowit canbecomputed fromthe time-dependent
particle density obtained via molecular dynamics (MD) simulations. We then turn to
how thedynamic structure factor canbeweightedandbroadenedby the resolution func-
tion of particular neutron scattering instruments, enabling direct comparison between
simulated and experimental signatures.

6.1 Basic neutron scattering theory
The quantity measured in neutron scattering is the scattered intensity from each mea-
sured neutron, 𝐼 (𝑞𝑞𝑞, 𝜔), where 𝑞𝑞𝑞 is the momentum transferred to the sample, and 𝜔 is
the angular frequency of the excitation gained or lost by the sample. Conceptually, this
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6.1. Basic neutron scattering theory

Figure 6.2: (a) Scattering of a neutronwith incomingwave vector𝑘𝑘𝑘 and energy 𝐸 into solid angle
𝜕Ω with momentum change 𝜕𝑘′ when hitting a target with scattering length 𝑏, with the final
neutron havingwave vector 𝑘′𝑘′𝑘′ and energy between 𝐸′ and 𝐸′+𝜕𝐸′. (b) Coherent and incoherent
scattering lengths from [209], which squared yield the cross sections, across the periodic table.
Note that some species have negative scattering lengths; these are marked in gray. Species for
which no data is available are skipped.

can be reformulated as 𝐼 (𝜃, 𝜕𝐸′), where 𝜃 is the change in angle of the incoming neutron
wave and 𝜕𝐸 is the energy transferred to the sample from theneutron,which leads to the
interpretation of 𝐼 (𝜃, 𝜕𝐸′) as the measured intensity of neutrons that change direction
by an angle 𝜃 and transfer energy 𝜕𝐸′ to the sample. If 𝜕𝐸′ = 0, the process is called elas-
tic neutron scattering, and if 𝜕𝐸′ ≠ 0 it is called inelastic neutron scattering. Broadly
speaking, neutron scattering techniques that utilize elastic scattering are used to study
the structure of materials, while inelastic techniques are used to study their dynamics.

Formally, the intensity measured in a neutron scattering experiment is directly re-
lated to the partial differential cross section,

No. neutrons scattered per time into

𝜕2𝜎
𝜕Ω𝜕𝐸′ = 1

Φ
solid angle 𝜕Ωwith final energy between 𝐸′ and 𝐸′ + 𝜕𝐸′

𝜕Ω𝜕𝐸′
(6.1)

with Φ being the flux of the incoming neutron beam, i.e., the number of neutrons per
unit area and second, and 𝜎 denoting the cross section. Let the incoming neutron have
wave vector 𝑘𝑘𝑘 and energy 𝐸, and wave vector 𝑘′𝑘′𝑘′ and energy 𝐸′ after the scattering event
(Fig. 6.2a). With these definitions one can express Eq. (6.1) explicitly,

𝜕2𝜎
𝜕Ω𝜕𝐸′ = |𝑘′|

|𝑘|
1

2𝜋ℏ ∑
𝑗𝑗′

𝑏𝑗𝑏𝑗′ ∫
∞

−∞
⟨𝑒−𝑖𝑞𝑞𝑞⋅𝑅𝑅𝑅𝑗′(0)𝑒𝑖𝑞𝑞𝑞⋅𝑅𝑅𝑅𝑗(𝑡)⟩ 𝑒−𝑖𝜔𝑡𝑑𝑡 (6.2)

where the double sum runs over all pairs of scattering nuclei with position𝑅𝑅𝑅𝑗 and scat-
tering length 𝑏𝑗 . The scattering length is different for different isotopes and is in general
a complex number, with the imaginary part representing neutron absorption. Formost
nuclei the imaginary part is small, and hence 𝑏 has been taken as real in Eq. (6.2).
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Chapter 6. Connecting to experiments II — Simulating neutron scattering

6.2 Coherent and incoherent neutron scattering
We split the sum over 𝑗, 𝑗′ in Eq. (6.2) into two terms, corresponding to 𝑗 ≠ 𝑗′ and 𝑗 = 𝑗′,

𝜕2𝜎
𝜕Ω𝜕𝐸′ = |𝑘′|

|𝑘|
1

2𝜋ℏ (∑
𝑗≠𝑗′

𝑏𝑗𝑏′𝑗 ∫
∞

−∞
⟨𝑒−𝑖𝑞𝑞𝑞⋅𝑅𝑅𝑅𝑗′(0)𝑒𝑖𝑞𝑞𝑞⋅𝑅𝑅𝑅𝑗(𝑡)⟩ 𝑒−𝑖𝜔𝑡𝑑𝑡

+∑
𝑗
𝑏2𝑗 ∫

∞

−∞
⟨𝑒−𝑖𝑞𝑞𝑞⋅𝑅𝑅𝑅𝑗(0)𝑒𝑖𝑞𝑞𝑞⋅𝑅𝑅𝑅𝑗(𝑡)⟩ 𝑒−𝑖𝜔𝑡𝑑𝑡) .

(6.3)

In principle, each nucleus in the sample can have a different scattering length 𝑏𝑗 that
occurs with abundance 𝑓𝑗 . However, a macroscopic sample contains a large number of
nuclei, and thus we can replace the factors 𝑏2𝑗 and 𝑏𝑗𝑏𝑗′ in Eq. (6.3) with their averages,

𝑏2𝑗 and 𝑏𝑗𝑏𝑗′. The average scattering lengths are

𝑏2𝑗 = ∑
𝑗
𝑓𝑗𝑏2𝑗 ≡ 𝑏2 and 𝑏𝑗𝑏𝑗′ = ∑

𝑗
𝑓𝑗𝑏𝑗 ∑

𝑗′
𝑓𝑗′𝑏𝑗′ ≡ 𝑏2. (6.4)

By adding and subtracting the missing term for 𝑗 = 𝑗′ in the first term in Eq. (6.3) we
arrive at

𝜕2𝜎
𝜕Ω𝜕𝐸′ =|𝑘

′|
|𝑘|

1
2𝜋ℏ𝑏

2∑
𝑗𝑗′

∫
∞

−∞
⟨𝑒−𝑖𝑞𝑞𝑞⋅𝑅𝑅𝑅𝑗′(0)𝑒𝑖𝑞𝑞𝑞⋅𝑅𝑅𝑅𝑗(𝑡)⟩ 𝑒−𝑖𝜔𝑡𝑑𝑡

+|𝑘
′|

|𝑘|
1

2𝜋ℏ (𝑏2 − 𝑏2)∑
𝑗
∫
∞

−∞
⟨𝑒−𝑖𝑞𝑞𝑞⋅𝑅𝑅𝑅𝑗(0)𝑒𝑖𝑞𝑞𝑞⋅𝑅𝑅𝑅𝑗(𝑡)⟩ 𝑒−𝑖𝜔𝑡𝑑𝑡.

(6.5)

By introducing 𝜎coh = 4𝜋𝑏2 and 𝜎inc = 4𝜋 (𝑏2 − 𝑏2)we identify the two terms

( 𝜕2𝜎
𝜕Ω𝜕𝐸′)coh

=𝜎coh4𝜋
|𝑘′|
|𝑘|

1
2𝜋ℏ ∑

𝑗𝑗′
∫
∞

−∞
⟨𝑒−𝑖𝑞𝑞𝑞⋅𝑅𝑅𝑅𝑗′(0)𝑒𝑖𝑞𝑞𝑞⋅𝑅𝑅𝑅𝑗(𝑡)⟩ 𝑒−𝑖𝜔𝑡𝑑𝑡

( 𝜕2𝜎
𝜕Ω𝜕𝐸′)inc

=𝜎inc4𝜋
|𝑘′|
|𝑘|

1
2𝜋ℏ ∑

𝑗
∫
∞

−∞
⟨𝑒−𝑖𝑞𝑞𝑞⋅𝑅𝑅𝑅𝑗(0)𝑒𝑖𝑞𝑞𝑞⋅𝑅𝑅𝑅𝑗(𝑡)⟩ 𝑒−𝑖𝜔𝑡𝑑𝑡,

(6.6)

as the coherent and the incoherent partial neutron cross sections, respectively. The sum
in the incoherent cross section runs over each atom 𝑗, and, thus, the incoherent scat-
tering contains the scattered intensity from the individual nuclei. The coherent cross
section, on the other hand, describes the scattering contributions from all pairs of nu-
clei. Since the scattered neutrons behave like waves, the coherent scattering can exhibit
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interference effects, which manifest themselves as the peaks seen in a typical neutron
diffraction experiment.

The coherent and incoherent scattering lengths vary dramatically over the periodic ta-
ble (Fig. 6.2b),which is akeyadvantageofneutronscattering for studyingchromophores.
UnlikeX-ray scattering,where cross sections scalewith thenumberof electrons, leaving
light elements like hydrogen poorly resolved, the incoherent neutron scattering length
for hydrogen is relatively large, yielding a strong signal. However, this strong signal can
be problematic, manifesting as an incoherent background signal in diffraction experi-
ments. In these cases, the scattering from hydrogen can be reduced by replacing it with
the isotope deuterium, which has a smaller incoherent scattering length. This scheme
is exploited in contrast matching, where hydrogen is selectively substituted with deu-
terium, allowing isolated study of parts of the system [210].

6.3 Simulating neutron scattering via correlation
functions

Wecan furthermanipulate the coherent and incoherentpartial cross sections inEq. (6.6)
into a form that makes them easily relatable to observables in MD simulations. Start-
ing from Eq. (6.6), we can move the sums inside the integral sign and define them as
the intermediate scattering function 𝐹(𝑞𝑞𝑞, 𝑡) for the coherent cross section, and the self
intermediate scattering function 𝐹𝑠(𝑞𝑞𝑞, 𝑡) for the incoherent cross section,

𝐹(𝑞𝑞𝑞, 𝑡) = 1
𝑁 ∑

𝑗𝑗′
⟨𝑒−𝑖𝑞𝑞𝑞⋅𝑅𝑅𝑅𝑗′(0)𝑒𝑖𝑞𝑞𝑞⋅𝑅𝑅𝑅𝑗(𝑡)⟩ and 𝐹𝑠(𝑞𝑞𝑞, 𝑡) = 1

𝑁 ∑
𝑗
⟨𝑒−𝑖𝑞𝑞𝑞⋅𝑅𝑅𝑅𝑗(0)𝑒𝑖𝑞𝑞𝑞⋅𝑅𝑅𝑅𝑗(𝑡)⟩ , (6.7)

with𝑁 being the number of nuclei in the system.
From𝐹(𝑞𝑞𝑞, 𝑡),wecan furtherdefine the time-dependentpair-correlation function𝐺(𝑟𝑟𝑟 , 𝑡)

and the dynamic structure factor 𝑆(𝑞𝑞𝑞, 𝜔),

𝐺(𝑟𝑟𝑟 , 𝑡) = 1
(2𝜋)3 ∫𝐹(𝑞𝑞𝑞, 𝑡)𝑒−𝑖𝑞𝑞𝑞⋅𝑟𝑟𝑟𝑑𝑞𝑞𝑞 and 𝑆(𝑞𝑞𝑞, 𝜔) = 1

2𝜋ℏ ∫ 𝐹(𝑞𝑞𝑞, 𝑡)𝑒−𝑖𝜔𝑡𝑑𝑡. (6.8)

Similarly, from 𝐹𝑠(𝑞𝑞𝑞, 𝑡)we get the self time-dependent pair-correlation function 𝐺𝑠(𝑟𝑟𝑟 , 𝑡)
and the incoherent dynamic structure factor 𝑆𝑖(𝑞𝑞𝑞, 𝜔). We can now rewrite the coherent
and incoherent cross sections in terms of 𝑆(𝑞𝑞𝑞, 𝜔) and 𝑆𝑖(𝑞𝑞𝑞, 𝜔),

( 𝜕2𝜎
𝜕Ω𝜕𝐸′)coh

= 𝜎coh
4𝜋

|𝑘′|
|𝑘| 𝑁 𝑆(𝑞𝑞𝑞, 𝜔)

( 𝜕2𝜎
𝜕Ω𝜕𝐸′)inc

= 𝜎inc
4𝜋

|𝑘′|
|𝑘| 𝑁 𝑆𝑖(𝑞𝑞𝑞, 𝜔).

(6.9)
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Equation (6.9) is quite remarkable. If we can calculate 𝑆(𝑞𝑞𝑞, 𝜔) and 𝑆𝑖(𝑞𝑞𝑞, 𝜔) from an MD
simulation, thenwe can estimate the partial differential cross section, and by extension
the intensity that one would measure in a neutron scattering experiment. The remain-
ing question is, how do we calculate 𝑆(𝑞𝑞𝑞, 𝜔)? Let 𝜌(𝑟𝑟𝑟 , 𝑡) be the time-dependent particle
density,

𝜌(𝑟𝑟𝑟 , 𝑡) = ∑
𝑗
𝛿(𝑟𝑟𝑟 − 𝑅𝑅𝑅𝑗(𝑡)), (6.10)

which we can Fourier transform in space to obtain 𝐹(𝑞𝑞𝑞, 𝑡) (Eq. (6.7)),
𝜌(𝑞𝑞𝑞, 𝑡) = ∑

𝑗
𝑒−𝑖𝑞𝑞𝑞⋅𝑅𝑅𝑅𝑗(𝑡)

⇒ 𝐹(𝑞𝑞𝑞, 𝑡) = 1
𝑁 ⟨𝜌(𝑞𝑞𝑞, 0)𝜌(−𝑞𝑞𝑞, 𝑡)⟩

(6.11)

We can get the self intermediate scattering function, 𝐹𝑠(𝑞𝑞𝑞, 𝑡), by only considering the
terms in which 𝑗 = 𝑗′ in Eq. (6.11). From Eq. (6.8) we know that we can obtain 𝑆(𝑞𝑞𝑞, 𝜔)
and 𝑆𝑖(𝑞𝑞𝑞, 𝜔) by Fourier transforming 𝐹(𝑞𝑞𝑞, 𝑡) and 𝐹𝑠(𝑞𝑞𝑞, 𝑡) respectively in time. In a MD
simulation we know the positions of all atoms, and, thus, we can record 𝜌(𝑟𝑟𝑟 , 𝑡) through-
out the simulation. We can then after the fact compute the double Fourier transform in
time and space over this trajectory, and via Eq. (6.11) and Eq. (6.8) compute 𝑆(𝑞𝑞𝑞, 𝜔) and
𝑆𝑖(𝑞𝑞𝑞, 𝜔), and by extension the simulated intensity for a neutron scattering experiment.

6.4 Connecting simulated dynamic structure factors
to experimentally measured spectra

In order to compare the dynamic structure factor fromMDwith experiments, we need
to weigh it with the resolution function and kinematic constraint of the specific instru-
ment. Neutron scattering instruments have their unique combination of sample posi-
tion, detector angles, and incoming and outgoing energy ranges, and thus probes dif-
ferent parts of (𝑞𝑞𝑞, 𝜔)–space with varying resolution andweight. Different neutron scat-
tering techniques exploit this to target specific regions of (𝑞𝑞𝑞, 𝜔)–space (Fig. 6.3). The
twomost relevant here are inelastic neutron scattering (INS) and quasi-elastic neutron
scattering (QENS), which focus on vibrational dynamics and slower dynamics such as
diffusion, respectively. Temperature also plays a role; INS experiments in particular are
typically conducted at cryogenic temperatures, since the coherent scattered intensity is
attenuated by thermal motion via the Debye-Waller factor [208, Chapter 3],

( 𝜕2𝜎
𝜕Ω𝜕𝐸′)coh

∝ exp (−𝑞2 ⟨𝑢2⟩/3), (6.12)

where ⟨𝑢2⟩ is the mean-squared thermal displacement.
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Figure 6.3: A schematic diagramof a few different neutron scattering techniques and the spatial
and temporal ranges they probe. Neutron diffraction, neutron small angle scattering, and neu-
tron tomography primarily probe material structure from a few Ångström up to macroscopic
scales. Energy-resolved techniques such as inelastic neutron scattering (INS) and quasi-elastic
neutron scattering (QENS) probe intermolecular vibrations and longer-time processes such as
molecular diffusion and organization, respectively.

Unlike experiments, the (𝑞𝑞𝑞, 𝜔)–ranges sampled in a MD simulation are limited only
by the time step and the size of the simulation cell, with all regions equally weighted.
We can account for the instrumental resolution function and kinematic constraint by
weighting the simulated dynamic structure factor 𝑆simulation(𝑞𝑞𝑞, 𝜔) by a combined reso-
lution function and kinematic constraint function that we denote 𝑓 (𝑞𝑞𝑞, 𝜔),

𝑆experiment(𝑞𝑞𝑞, 𝜔) = 𝑓 (𝑞𝑞𝑞, 𝜔) ⊙ 𝑆simulation(𝑞𝑞𝑞, 𝜔), (6.13)

where ⊙ denotes element-wise multiplication. 𝑓 (𝑞𝑞𝑞, 𝜔) can be obtained from several
sources: from standard neutron analysis software packages such as MANTID [211] or
FULLPROF [212, 213], by simulating the entire instrument usingMonte-Carlo ray-tracing
with packages such as MCSTAS [214–216] or VITESSE [217, 218], or by asking the instru-
ment scientist nicely. For simulating INS weighted with 𝑓 (𝑞𝑞𝑞, 𝜔) specifically, dedicated
tools includeOCLIMAX [219, 220] forMD, aswell as EUPHONIC [221] and the ABINS [222]
routine in MANTID for phonon-based INS simulations.

In paper VIII we present a fully Python-based workflow for simulating INS, combin-
ingmachine-learned interatomic potentials (MLIPs) based on theNEP frameworkwith
MD in GPUMD, correlation functions computed with DYNASOR [223, 224], and kine-
matic constraint and resolution functionweighting via RESINS.NEP enables larger sys-
temsizes and longer simulations thanotherMLIP-based INSsimulations [225]. Beyond
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Figure 6.4: (a) Simulated 𝑆(|𝑞𝑞𝑞|, 𝜔) for crystalline benzene at 127K from MD overlaid with the
TOSCA kinematic constraint (ISISNeutron andMuon Source, UK). (b) Simulated INS spectrum
𝑆(𝜔) for crystallinebenzenewith instrument resolution including thekinematic constraint in (a),
andaquantumcorrection for the classical statistics inMD.Thered-shift of the simulated spectra
compared to experiments is attributed to the vdW-DF-cx functional [124] and theneuroevolution
potential (NEP) model not fully capturing intermolecular interactions. All data is from paper
VIII. (c) Phase-𝐼 crystalline benzene, and how 𝑆(|𝑞𝑞𝑞|, 𝜔) is obtained using DYNASOR.

neutron scattering lengths, DYNASOR also supports X-ray form factors and electronic
scattering factors for comparison with other scattering techniques.

We apply the workflow to elemental Si, crystalline benzene C6H6, and hydrogenated
Sc-doped BaTiO3 in paper VIII to demonstrate its versatility, where benzene can be
viewed as a prototype system for the chromophores studied in this thesis. The exper-
imental INS spectrum 𝑆(𝜔) = ∫ 𝑆(𝑞, 𝜔)𝑑𝑞 for benzene was collected at the TOSCA neu-
tron spectrometer [226, 227] at the ISIS Neutron and Muon Source, UK, and applying
the instrument resolution and kinematic constraint function 𝑓 (𝑞, 𝜔) to the simulated
𝑆(𝑞, 𝜔) yields a marked improvement in agreement with experiment (Fig. 6.4). Agree-
ment improves further by correcting for classical phonon statistics in MD using a first-
order correction from Stokes-Raman scattering¹ [228],

𝑆(𝑞, 𝜔)corrected = 𝑆(𝑞, 𝜔) 𝛽ℏ𝜔
1 − exp (−𝛽ℏ𝜔). (6.14)

¹This correction was also applied for Raman scattering in paper VI.
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Figure 6.5: Simulated INS spectra using the TOSCA resolution function compared with exper-
imental data from TFXA. Note that no direct quantitative comparison is possible since the in-
struments differ. The experimental C–H stretch peak is scaled by a factor of 3 for visibility. The
models shown are the same as in Sect. 4.4: a custom NEP, a fine-tuned NEP89 model for pery-
lene, the foundation model NEP89, and the classical force field (FF) OPLS.The training data for
the customandfine-tunedNEPmodels used the vdW-DF-cx functional [124], andharmonicDFT
modes using this functional are shown for reference.

The corrected spectrum still exhibits a red shift of approximately 20meV relative to the
experimental spectrum, which is due to the vdW-DF-cx functional [124] used to gener-
ate the density functional theory (DFT) training data, as well as difficulties for the NEP
model to accurately capture the weak intermolecular interactions.

We can also apply the workflow to crystalline perylene at 20K, comparing against
literature INS data [229] measured at the TFXA spectrometer [230] at ISIS (Fig. 6.5).
The resolution function and kinematic constraint of TFXA are currently unavailable in
RESINS, and hence the same settings as for TOSCA in paper VIII were used as a proxy.
This is a reasonable approximation since TFXA is the predecessor to TOSCA and has
a very similar resolution function, but note that this means that no direct quantitative
comparisonbetweenexperiment and simulation canbeperformed in this case. Wecom-
pare the same four models we considered in Sect. 4.4: the foundation model NEP89, a
fine-tuned NEP89 model for perylene, a custom NEPmodel, and the classical FF OPLS.
All NEP models reproduce the experimental spectrum qualitatively, with fine-tuning
improving over NEP89most notably for the high frequency C–H stretch band. The cus-
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tom NEP outperforms the fine-tuned model, however, which shows broader features
particularly for the out-of-plane C–H stretch.

The classical FF OPLS yields worse agreement with experiment than the NEPmodels,
and overestimates the C–C bond stretch region with features that are absent in both ex-
periments and the other models. Note that the OPLS simulation was performed with
GROMACS [231] in the NVT ensemble, and required using a thermostat with a rather
strong coupling (time constant of 100 fs), rather than the NVE ensemble as for the NEP
models. GROMACS is designed for room temperature simulations of biological sys-
tems, and for technical reasons, energy conservation in the NVE ensemble is violated.
NVT affects the dynamics in the simulation, and it is thus plausible that some of the
features in the INS spectrum for OPLS originate from the thermostat.

No model captures the librational modes around 30meV to 50meV well, consistent
with the difficulty all models showed in reproducing the intermolecular interactions in
Sect. 4.4. Disregarding this low-energy region, the good overall agreement highlights
the predictive power of the workflow. Simulated INS spectra for a specific instrument
could thus be obtained before or during an experiment. The examples here took several
hours to compute, but a less converged spectrum could be produced in minutes by run-
ning a shorterMDsimulation and sampling fewer𝑞𝑞𝑞-points. Thisprospect is particularly
interesting for NEP89, which requires no system-specific training and could therefore
be deployed in an automated pipeline at neutron facilities to help instrument scientists
and users select optimal settings and interpret data before and during beamtime.
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7
Conclusions and outlook

You could look it up, but it’s way more fun to speculate!

Esmée, 2024

This thesis set out to develop a simulation framework capable of modeling structure
and dynamics in chromophores, and connect the results to experiments. The frame-
work has taken shape in the form of three interlocking components: molecular dynam-
ics (MD) simulations, machine-learned interatomic potentials (MLIPs) using the neu-
roevolution potential (NEP) framework, and correlation functions as a bridge to exper-
iments. In this final chapter, we evaluate the workflow, discuss its current limitations,
and outline the most promising directions for future work.

7.1 Evaluation of the framework
Three research questionswere posed in the introduction of this thesis, againstwhichwe
will evaluate the simulation framework.

What is the accuracy and reliability of NEP models for capturing intra- and inter-
molecular interactions in perylene derivatives?

NEP models captures intramolecular interactions well for both perylene and retinal,
as demonstrated by the reproduction of their infrared (IR) and inelastic neutron scatter-
ing (INS) spectra, and they generally performwell for broadmaterials classes as demon-
strated in papers II, III, and V. Intermolecular interactions present a more significant
challenge: NEP fails to fully reproduce the weak intermolecular forces in perylenes, a
shortcomingevidentboth in thefine-tuninganalysis inSect. 4.4 and in the low-frequency
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features of the vibrational spectra. Since intermolecular interactions governmolecular
aggregation and glass formation, and thereby the optoelectronic properties, industrial
processability, and stability of chromophore-based devices, this represents the primary
limitation of the workflow. Incorporating long-range interactions in NEP by separat-
ing out intermolecular forces in the loss function or explicit architecture extensions is
an active area of development, and remains an open challenge for MLIPs more broadly
[25, 232–234]. Improving this aspect of the NEP framework is therefore the most con-
sequential next step for the workflow as a whole.

How effectively does the simulation protocol capture the glass-forming behavior of
perylene derivatives?

Throughout the thesis, we have focused on glass forming behavior through the lens
of predicting key quantities, specifically the glass transition temperature 𝑇𝑔 and the ki-
netic fragility𝑚. TheBayesian extrapolation scheme introduced in paper I substantially
improves the glass transition temperature estimates for perylene derivatives over stan-
dard simulatedannealing. Simulatedannealingdramatically overestimates 𝑇𝑔 since the
molecular structureappears frozenonMDtimescales, even though individualmolecules
continue to reorient at temperatures far below the estimated transition. By construct-
ing correlation functions that isolate thismolecular reorientation, the Bayesian scheme
bypasses the timescale limitation, yielding estimates of 𝑇𝑔 and the kinetic fragility that
better agree with experiments.

Quantitative agreement with experiment remains partial, however: both 𝑇𝑔 and the
kinetic fragility are overestimated, which can be explained by two compounding limita-
tions. First, the classical OPLS force field (FF) used in paper I fails to capture intermolec-
ular interactions in perylenes, performingworse thanNEPas demonstrated in Sect. 4.4.
Second, the chosen normal-vector autocorrelation function (NACF) might not isolate
the true 𝛼-relaxation process, introducing a systematic bias in the extrapolation inde-
pendently of force field quality. Assuming the NACF is an appropriate choice, improv-
ing the description of intermolecular interactions in theNEP framework is therefore ex-
pected to improve predictions of 𝑇𝑔 and kinetic fragility. Overall, the Bayesian protocol
enables semi-quantitative prediction of glass-forming behavior in perylene derivatives.

Towhat degree can the simulation frameworkpredict experimental observables from
neutron scattering and optical spectroscopy?

Theworkflow successfully predicts IR and INS spectra, as demonstrated in Chapter 5
and Chapter 6. Agreement with experiment is good across mid-to-high frequency fea-
tures but breaks down at low frequencies, consistent with the inadequate description
of intermolecular interactions in NEP. The same limitation affects the prediction of
the electronic dielectric function, where extending the approach frombulk systems like
SiO2 to molecular systems remains challenging.
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Incorporating other experimental techniques in theworkflow is in principle straight-
forward, by utilizing appropriate correlation functions. Two examples of relevant tech-
niques are quasi-elastic neutron scattering (QENS) and small-angle neutron scattering,
capturing molecular diffusion and aggregation, respectively. These techniques probe,
however, time and length scales at the edge of what is accessible even withMLIP-based
MD simulations, and computational cost is therefore a major consideration [235].

In summary, the workflow addresses all three research questions. Intramolecular
interactions are well captured in perylene derivatives, but the weak intermolecular in-
teractions remain challenging. The Bayesian extrapolation protocol enables prediction
of glass-forming behavior in perylenes, with remaining discrepancies compared to ex-
periments largely attributable to the shortcoming in describing intermolecular inter-
actions. Correlation functions connect MD simulations with a range of spectroscopic
and scattering techniques, with agreement limited predominantly by the same inter-
molecular interactions. Taken together, these results establish the workflow presented
in this thesis as a viable framework for studying structure, dynamics, and experimental
observables in chromophores, and the predictive power of this workflow is expected to
improve substantially as the description of long-range interactions inMLIPs in general
and NEP in particular matures.

7.2 Limitations
The NEP models that form the basis of the workflow are trained on density functional
theory (DFT)dataand inherit its limitations,making thechoiceof exchange–correlation
(XC) functional consequential. The vdW-DF-cx functional used throughout this the-
sis targets a balance between computational efficiency and accuracy for both bulk and
molecular systems, with explicit treatment of van derWaals dispersion [124]. This func-
tional performs well across most cases encountered in this thesis, though minor dis-
crepancies remain, such as in paper VIII¹ where a slight softening of the intramolecular
vibrational frequencies relative to INS data can be observed. Errors such as these are di-
rectly inherited by NEP models through the training data. Higher-level methods such
as coupled cluster theory [236–238] offer a route to more accurate reference data, at
substantially greater computational cost. Fine-tuning addresses this tradeoff directly:
a NEP model pretrained on a large DFT dataset can be refined on a small number of
high-level calculations, concentrating the computational expense only where accuracy
mattersmost. Fine-tuning is therefore a data-efficient approach for obtainingmore ac-
curate NEPmodels. Long-range intermolecular interactions would still be challenging
due to their small magnitude and the locality of the model, but fine-tuning on high-
level data could potentially improve the short-ranged part of the intermolecular force
description of NEP.

¹Figure S16 in the Supplementary Information of Paper VIII.
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Another limitation is that the workflow operates entirely on the ground-state poten-
tial energy surface. Inchromophores, excited-state interactionsdirectly influencemolec-
ular structureandelectronicproperties, affecting, for example, theefficiencyofperylene-
basedorganic solar cells (OSCs) [239]. Excited states canbeaccessedvia time-dependent
DFT [121], where MLIPs for excited-state potential energy surfaces have been demon-
strated [193, 240, 241], including for the NEP framework [242]. Extending the present
workflow in this direction is a natural next step.

A final limitation is the restricted time and length scales accessible to MD, discussed
in Sect. 3.5. This constrains direct simulation of molecular aggregation and glass for-
mation, necessitating indirect approaches such as the Bayesian extrapolation scheme.
A particular example of this that is not covered in this thesis is the liquid–liquid phase
transition in multi-component perylene mixtures during cooling, which gives rise to
ultralow fragility and strong glass forming behavior [76]. This phenomenon remains
out of reach for standard MD, despite significant computational effort. Extending the
framework to, for example, coarse-grained MD could potentially enable access to the
liquid-liquid transition, but caremust in that casebe taken toconstruct a coarse-grained
model that is transferable over a broad range of temperatures.

7.3 Future work
In addition to addressing the limitations mentioned so far, there are several natural di-
rections for extending the workflow presented in this thesis. Among these, uncertainty
quantification forMLIPs stands out as particularly important. Current approaches typ-
ically quantify uncertainty inmodel predictions of energies and forces, but do not prop-
agate these uncertainties to the derived properties obtained from MD simulations. In
particular, obtaining formal error estimates stemming frommodel uncertainty in prop-
erties from correlation functions, such as experimental spectra, without resorting to
ensemble averages would be highly useful in predicting experiments, and is to the best
of my knowledge still an open challenge.

Propagating uncertainty to experimental observables would also facilitate direct val-
idation of MLIPs against experiment, a need that has already been recognized in the
community [25], complementing the current standard of benchmarking against DFT or
quantum chemical calculations. This could be achieved by creating, for example, ref-
erence databases of INS spectra spanning a wide range of organic and inorganic com-
pounds. Such a database could be developed collaboratively betweenneutron scattering
facilities andcomputationalmaterialsmodelinggroups, starting fromwell-characterized
compounds with existing measurements. Simulation workflows capable of reproduc-
ing instrument-specific signatures would then be key for meaningful comparison be-
tween simulated andmeasured spectra.

Beyond validation, experimental observables could also be used to actively guideMD
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simulations. By computing the error between a predicted observable, such as an ab-
sorption spectrumor pair distribution function, and an experimental reference, correc-
tive forces can be back-propagated to the atomic coordinates. This would enable iden-
tification of structural configurations responsible for specific experimental signatures,
which can be difficult to determine from experiments alone. The idea has been explored
in the context of X-ray diffraction [243], though not, to my knowledge, with MLIPs. A
particularly compelling application in the context of this thesiswould be driving simula-
tions toward themolecular aggregates formedduring the liquid-liquid phase transition
in perylene mixtures [76], which would give direct structural insight into how mixing
controls glass-forming behavior.

A key theme throughout this thesis has been the computational efficiency of NEP, en-
abling access to accurate large-scaleMD simulations. The time and length-scales acces-
sible to computer simulations are set to improve in the coming years, through increas-
ing computational performance of supercomputing hardware and graphics processing
units (GPUs). Beyond raw performance, however, the more consequential implication
may be one of accessibility. Large-scale simulations of hundreds of thousands of atoms
with NEP can be performed on consumer-grade GPUs in standard desktop computers.
Supercomputing infrastructure is expensive and unevenly distributed; as of November
2025, the vast majority of the world’s top 500 supercomputers are located in developed
countries [244]. Simulation frameworks that run efficiently onmodest hardware there-
fore have the potential to broaden participation in computational materials research
beyond groups with access to large computer time allocations at supercomputers.

Fitting with the theme of accessibility is the role of free and open-source software in
computational research. The workflow presented in this thesis is built on open-source
foundations: GPUMD, CALORINE, and DYNASOR are all freely available, and depend on
community infrastructure including NUMPY [245], SCIPY [246], PANDAS [247], and the
AtomicSimulationEnvironment (ASE) [178],whichprovidesa consistent interfaceacross
much of the computational materials modeling community. Open-source software is
similarly foundational to the modern Internet, yet much of it is sustained by voluntary
effort from a small number of contributors.² If any of these tools have served you too,
contributingback throughcode, documentation, orbug reports is oneof themostdirect
ways to strengthen the research infrastructure the community relies on. I firmly believe
that this kind of collaboration is the way forward, towards addressing the remaining
challenges outlined in this thesis, and beyond. It might just be my perspective through
my rainbow-tinted glasses, but I see a complete understanding of chromophores to be
well within sight.

²https://xkcd.com/2347/
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