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Abstract

Organic–inorganic hybrid interfaces play a pivotal role in determining the performance of next-
generation optoelectronic devices. The structural organization, orientational ordering, and electronic
coupling of molecular adsorbates at these interfaces govern fundamental processes such as charge
transfer, exciton dissociation, and energy-level alignment. Despite significant advances in experimental
surface science, theoretical prediction of adsorption geometries and interfacial electronic properties
for large, conformationally flexible organic molecules remains challenging. The associated potential
energy surfaces (PES) are inherently high-dimensional and feature a multitude of shallow local minima,
rendering first-principles exploration computationally expensive. The present work addresses this
challenge by developing a hybrid first-principles and machine-learning strategy to investigate the
adsorption and electronic properties of the merocyanine dye HB238 (2-[5-(5-dibutylamino-thiophen-2-
ylidenemethyl)-4-tert-butyl-5H-thiazol-2-ylidene]-malononitrile) on metallic and insulating substrates.
HB238, a donor–acceptor 𝜋-conjugated chromophore, is investigated as a model system to elucidate how
molecular polarity, structural flexibility, and substrate reactivity collectively influence self-assembly
and interfacial electronic coupling.

Merocyanines represent an important class of polar organic semiconductors, widely used in
organic photovoltaics, photodetectors, and nonlinear optical materials. Their optoelectronic responses
including charge-transfer character, absorption spectra, and excitonic coupling are highly sensitive
to molecular geometry, intermolecular packing, and the surrounding dielectric environment. The
HB238 molecule investigated here, exemplifies this family as it exhibits a pronounced dipole moment
and a strong tendency for self-organization in thin films. Experimentally, HB238 has been shown to
form ordered chiral monolayers on Ag(100) surfaces, providing an ideal benchmark for validating
theoretical models of molecular adsorption and self-assembly.

In Chapter 3, various electronic-structure methods were systematically benchmarked for their ability
to describe the optoelectronic properties of merocyanine dyes. The study compared time-dependent
density functional theory (TD-DFT), the many-body GW–Bethe–Salpeter Equation (GW-BSE)
formalism, the coupled-cluster-based STEOM-DLPNO-CCSD approach, and the multireference
CASSCF/NEVPT2-FIC framework. It was found that conventional TD-DFT tends to overestimate
excitation energies for charge-transfer states, while GW-BSE yields excitation energies in close
agreement with experiment when solvent polarization is included. The Time-Dependent Coupled-
Perturbed DFT (TDCP-DFT) method provided similar accuracy at substantially reduced computational
expense, offering an efficient alternative for modeling merocyanine molecules. This benchmarking
established a robust theoretical foundation for subsequent studies of adsorbate systems where optical
and charge-transfer properties are critically dependent on the molecular electronic structure.

Chapter 4 investigates the adsorption of HB238 on the Ag(100) surface using dispersion-corrected
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density functional theory. The calculations successfully reproduced the experimentally observed chiral
tetrameric -phase monolayer, characterized by flat-lying molecular arrangements stabilized through a
combination of weak chemisorption to the Ag(100) surface and intermolecular hydrogen-bonding
interactions. The study also highlighted the necessity of employing a more robust geometry optimization
algorithm, the Preconditioned Limited-memory Broyden–Fletcher–Goldfarb–Shanno (PreconLBFGS)
method, which proved essential for achieving reliable and numerically stable convergence during the
structural relaxation of the large, flexible HB238 monolayer on the Ag(100) substrate.

To overcome the limitations of conventional first-principles global optimization for complex
adsorbates, Chapter 5 introduces a machine-learning–accelerated global search protocol that combines
the MACE (Message Passing Atomic Cluster Expansion) interatomic potential with the Bayesian
Optimization Structure Search (BOSS) algorithm. This hybrid MACE×BOSS framework enabled
the efficient and accurate exploration of high-dimensional PESs by combining data-driven surrogate
modeling with probabilistic acquisition strategies. The approach was applied to the adsorption of HB238
on hexagonal boron nitride (hBN), an atomically flat and electronically inert two-dimensional insulator
that serves as an archetype for physisorbed interfaces. Within this framework, Bayesian optimization
was employed to sample a five-dimensional configurational space (two in-plane translational and three
rotational degrees of freedom) for a single molecule, and a ten-dimensional configurational space for
the dimer system. This methodology efficiently identified global and near-degenerate local minima
with only a few hundred evaluations, representing a substantial computational reduction relative to
brute-force DFT sampling.

Chapter 6 extends this machine-learning workflow to the adsorption of HB238 on the series of
coinage metal surfaces (Cu, Ag, and Au), which systematically vary in surface reactivity, work function,
and electronic screening behavior. Fine-tuned MACE potentials were employed in conjunction with
Bayesian optimization to explore the translational and rotational degrees of freedom associated
with molecular adsorption, enabling quantitative comparison of adsorption characteristics across
these substrates. The analysis provides mechanistic insight into how differences in metal–adsorbate
interaction strength and substrate polarizability govern molecular orientation, binding motifs, and the
degree of electronic hybridization at donor–acceptor interfaces.
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CHAPTER 1

Introduction

Organic electronics (OE)[1–3] constitute a prominent area of research for flexible optoelectronic
devices,[4–6] such as organic solar cells (OSCs),[7–10] organic light-emitting diodes (OLEDs),[11–14]
and organic field-effect transistors (OFETs) as shown in Figure 1.1.[15–17] In contrast to traditional
silicon-based electronics, these devices rely on 𝜋-conjugated molecules or polymers that can be
processed into thin films on various substrates.[18, 19] The performance of organic optoelectronic
devices is sensitive to the molecular properties and their arrangement in the solid state, particularly
at interfaces (e.g., electrode/organic or dielectric/organic interfaces).[20–23] Characteristics such as
light absorption, charge-carrier mobility and energy level alignment can be tuned through molecular
design and controlled assembly.[24–27] A central paradigm in organic electronic materials is the use
of donor–acceptor (D–A) molecular architectures to tailor electronic properties. Early developments
in the field demonstrated that incorporating donor and acceptor substituents into 𝜋-conjugated
frameworks enhance charge-transport and optical response characteristics.[28, 29] Charge-transfer
type small molecules and polymers were key to achieving the first efficient organic photodetectors and
transistors.[30, 31]

D–A molecules are also used in organic solar cells.[32] By adjusting the donor/acceptor strength, one
can control the frontier orbital energies to optimize open-circuit voltage and light-harvesting range.[33,
34] The D–A concept was integral to the development of high-performance solution-processed and
vacuum-deposited organic photovoltaics.[33, 35]. Molecular packing in thin films, which is influenced
by the presence of dipolar D–A structures, has been recognized as another key determinant of device
performance.[29, 36] For example, Koch et al. and Duhm et al. showed that the orientation of polar
organic molecules at electrode interfaces can induce sizeable interface dipoles and shift the energy
alignment in organic electronic devices.[37, 38] These insights motivated extensive research into polar
donor–acceptor dyes as multifunctional components in optoelectronic applications.

Merocyanines are a prominent class of dipolar D–A dyes that have been studied for decades for
their exceptional optical properties. Historically, the term "merocyanine" was introduced in the
cyanine dye literature by Brooker and co-workers in 1951.[39] Classic merocyanine dyes consist of an
electron-donating group (often an amine or aromatic ring) and an electron-accepting group (such as
a cyano, carbonyl, or heterocyclic cationic fragment) connected by a polymethine (polyene) bridge.
This conjugated bridge facilitates extensive charge delocalization. A defining feature of merocyanines
is the existence of two limiting resonance forms: a neutral form (often quinoid-like) and a zwitterionic
form (cyanine-like with formal charges on the end groups).[40, 41] The true ground-state electronic
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Chapter 1 Introduction

ORGANIC SOLAR CELLS
(OSCs)

ORGANIC LIGHT EMITTING
DIODES (OLEDs)

ORGANIC FIELD EFFECT
TRANSISTORS (OFETs)

OE

Figure 1.1: Schematic overview showing three categories of organic electronic (OE) devices: organic solar cells
(OSCs), organic light-emitting diodes (OLEDs), and organic field-effect transistors (OFETs)

structure is an intermediate hybrid of these forms. The degree of bond-length alternation (BLA) along
the polymethine chain serves as a structural indicator of this balance: merocyanines closer to the
cyanine limit exhibit very small BLA (nearly equal bond lengths), whereas those with more neutral
character show larger BLA values.[42, 43]

One consequence of this D–A resonance is that merocyanines possess large ground-state dipole
moments. Dipoles on the order of 5–15 D are common for merocyanine dyes in the solid state.[44, 45]
For instance, Arjona-Esteban et al. reported that solvent polarity can switch a merocyanine derivative
between a predominantly zwitterionic structure and a more neutral cyanine-like state, accompanied
by a reversal of the BLA sign.[44] Such solvent-induced conformational switching highlights the
polar nature of merocyanines and their sensitivity to the dielectric environment. Stronger donor and
acceptor substituents push merocyanines toward the cyanine (zwitterionic) extreme, minimizing BLA,
whereas weaker push–pull combinations result in more localized charge and a pronounced polyene
character.[43, 45]

In dilute solution, merocyanine molecules typically exist as monomers with well-defined absorption
and emission spectra characteristic of their charge-transfer transition.[46–48] In concentrated solutions
or solid phases, however, their strong dipole–dipole interactions often drive aggregation into ordered
molecular stacks or clusters[49–51] The aggregation behavior of merocyanines and related dyes has
been widely studied in the context of J-aggregates and H-aggregates.[49, 50, 52] In J-aggregates
(head-to-tail alignment of transition dipoles), merocyanine molecules exhibit a red-shifted, narrow
absorption band with enhanced oscillator strength (superradiance) and a small Stokes shift, whereas
H-aggregates (face-to-face stacked dipoles) show blue-shifted, broadened absorption with quenched
fluorescence.[50, 51, 53] These spectral signatures are manifestations of collective exciton coupling
and have been described by the Kasha–Kobayashi exciton model and refined in modern exciton theory
including vibrational coupling and charge-transfer effects.[50, 54] Importantly, the propensity of
merocyanines to aggregate can be leveraged to tune their material properties like exciton delocalization
in J-aggregates can lead to ultrafast energy migration and narrowband optical absorption (useful for
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light-harvesting and sensing)[55, 56], while the densely packed H-aggregates can facilitate ultrafast
charge separation and photocurrent generation in organic photodiodes.[55, 57] At the same time,
uncontrolled aggregation in devices can be detrimental, causing phase separation or spectral shifts;
therefore, understanding and controlling the aggregation of such dipolar dyes is a key materials science
challenge.[58, 59]

Beyond solution and molecular aggregates, the behavior of merocyanines in bulk solid-state phases
and thin films is equally intriguing. In single-crystal form, dipolar merocyanine dyes can achieve
remarkably high charge-carrier mobilities if their crystal packing minimizes energetic disorder.[35,
60] A striking example is the merocyanine single-crystal field-effect transistor reported by Liess et al.,
which attained a hole mobility of ∼2.3 cm2 V−1 s−1, comparable to the best acene single crystals.[60]
This high mobility was enabled by a centrosymmetric (antiparallel) packing of the dipolar molecules
in the crystal, effectively cancelling the internal dipole fields and reducing energetic disorder.[33,
35, 60] Such “dipole-elimination” packing motifs were deliberately targeted in molecular design:
e.g., Bürckstümmer et al. showed that appending compatible substituents can promote antiparallel
dimerization of merocyanines in solution-processed films, leading to improved bulk-heterojunction
(BHJ) solar cell performance.[33, 47] In general, the solid-state packing of merocyanines strongly
influences their optoelectronic properties: head-to-tail columnar stacks can support one-dimensional
exciton transport and high polaron mobility along the stack axis, whereas disordered or polar packings
yield localized excitations and trap-limited transport.[59] Empirically, thin-film devices based on
merocyanines often perform best when some degree of structural order is introduced, for example
by thermal annealing, substrate templating, or alignment techniques.[61–63] Thermal annealing of
spin-coated merocyanine films was shown to induce the formation of extended J-aggregate domains,
concomitantly increasing in-plane charge carrier mobility by orders of magnitude.[55] Similarly,
using highly oriented substrates can force dipolar molecules into more ordered orientations, yielding
improved charge transport and polarized optical properties.[63–65] These studies highlight that
controlling molecular ordering in thin films is critical to harnessing the full potential of donor–acceptor
molecules in devices.

Given the importance of molecular organization, there is a strong motivation to investigate how
merocyanine donor–acceptor dyes arrange when adsorbed on well-defined surfaces. In device
architectures, organic molecules are often in contact with inorganic interfaces (electrodes, transport
layers, etc.), where interfacial effects can decisively influence performance.[66–69] Metallic substrates
like Cu(111), Ag(111), and Au(111) are widely used as model surfaces in surface science to study
adsorption, because they provide atomically flat, crystalline templates with varying chemical activity.
Adsorption on a metal can impose specific orientations (e.g. flat-lying vs. upright) and induce
interface-specific electronic effects such as charge transfer or dipole screening.[70, 71] For example,
the strong image-charge screening in metals tends to reduce the apparent dipole moment of an
adsorbed molecule and can pin molecular energy levels relative to the Fermi level.[70, 71] whereas
on less-interacting substrates the molecule’s gas-phase electronic structure is more preserved. Cu,
Ag, and Au represent a spectrum from more reactive (Cu can form chemisorptive bonds or even
surface-mediated deprotonation) to more inert (Au often leads to physisorption dominated by van
der Waals forces)[72]. By studying a given molecule on Ag vs. Cu vs. Au, one can thus gauge the
influence of molecule–substrate interactions on adsorption geometry and molecular properties as
shown in Figure 1.2.[72, 73] In addition to metals, insulating or semiconducting 2D materials have
gained interest as substrates that can template molecular ordering while electronically decoupling
the molecules from a metal support. Hexagonal boron nitride (hBN) is a prime example of such
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Chapter 1 Introduction

Cu

Ag

Au

hBN

Stronger Adsorption

Weeker Adsorption

Figure 1.2: Illustative representation of the adsorption of HB238 merocyanine molecule on three metal surfaces
( Cu, Ag and Au) and hBN surface.

a 2D insulator: it has an atomically smooth surface and a wide band gap, and when used as a
monolayer on metal it presents a chemically inert, weakly interacting interface for adsorbates.[74,
75] Molecules adsorbed on hBN or highly oriented graphite often display more bulk-like aggregation
behavior, free from the strong perturbation introduced by metal orbitals.[76–79] In practice, this can
lead to long-range ordered molecular islands or monolayers with structures reminiscent of the bulk
crystal packing, including the formation of chiral domains or epitaxial registry with the substrate
lattice.[27, 78, 79] Understanding how a flexible, dipolar merocyanine arranges on different surfaces
(metallic vs. inert) is thus not only academically interesting for surface chemistry, but also directly
relevant for improving organic device interfaces (e.g. controlling orientation at electrode contacts to
optimize charge injection or exciton quenching)[69]. Furthermore, from a fundamental perspective, the
competition between molecule–substrate interactions and molecule–molecule interactions in directing
the assembly can be elucidated by comparative studies across substrate types.[72, 80]

In this work, we focus on a particular merocyanine dye, denoted HB238 (Figure 1.3), as a
model donor–acceptor molecule for adsorption studies. HB238 (2-[5-(5-dibutylamino-thiophen-
2-ylidenemethyl)-4-tert-butyl-5H-thiazol-2-ylidene]-malononitrile) is a prototypical zwitterionic
merocyanine that has been investigated in a variety of contexts, from thin-film photophysics to organic
electronics[55, 57, 59]. It features a dialkylamino-substituted thiophene donor and a cyano-substituted
thiazole acceptor, yielding a ground-state dipole moment of about 13 D in solution.[59] This large
dipole, combined with a nearly planar conjugated core, causes HB238 to strongly aggregate in the
solid state: in spin-coated or vapor-deposited films, HB238 readily forms H- and J-aggregate species
depending on preparation conditions, as evidenced by pronounced Davydov splitting and distinct
dual-band absorption spectra as shown in Figure 1.4.[55] The molecule’s tendency to assemble
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into ordered domains has been exploited to achieve high-performance organic photodiodes and
transistors.[55, 59] These characteristics make HB238 an ideal test case for studying surface-induced
ordering. Crucially, HB238 is sufficiently flexible and asymmetric (unlike, say, planar aromatic
molecules such as phthalocyanines) that its adsorption configuration is not obvious a priori; it has
multiple conformational degrees of freedom (rotations of butyl chains, thiophene twist, etc.) and
could in principle adsorb in flat-lying or tilted geometries. Experimentally, the adsorption of HB238
on single-crystal surfaces has only very recently begun to be explored. Initial studies using scanning
tunneling microscopy (STM) and low-energy electron diffraction have revealed that on Ag(100)
HB238 can form an ordered chiral monolayer structure, with the molecules adsorbed roughly flat on
the surface in a commensurate arrangement.[81, 82] This finding confirms that even a highly dipolar,
bulky merocyanine is capable of two-dimensional self-assembly on a metal, opening the door to
systematic investigations and modeling. By choosing HB238 as our model system, we aim to answer
how such a flexible donor–acceptor molecule adsorbs on different substrates (Cu, Ag, Au, and hBN)
and how the substrate choice influences molecular geometry, orientation, and electronic structure at
the interface.

Donor

Acceptor

Figure 1.3: Molecular structure of the merocyanine HB238, illustrating the donor (D, red) and acceptor (A,
blue) sub-units.

Theoretical studies are essential not only to complement experimental observations but also
to provide molecular-level insight into adsorption energetics, interface-induced electronic effects,
and structure–property relationships that are often inaccessible experimentally. The studies enable
predictive modeling of molecular organization and electronic behavior across different substrates,
thereby guiding experimental design and the rational development of advanced optoelectronic materials.
From a computational standpoint, predicting the adsorption geometry of a large flexible molecule
like HB238 on a surface is a daunting challenge. Standard first-principles approaches (e.g. density
functional theory, DFT) can accurately evaluate the total energy of a given adsorbate configuration, but
the potential energy surface (PES) governing the molecule–surface interaction is extremely complex
and high-dimensional. HB238 has on the order of tens of internal degrees of freedom (bond rotations,
conformers) and additionally six rigid-body degrees of freedom relative to the surface (lateral position,
height, and orientation angles). A brute-force grid search or manual trial-and-error approach to
locate the global minimum adsorption structure would be prohibitively expensive and likely to miss
important configurations. Likewise, straightforward molecular dynamics or simulated annealing with
first-principles forces is impractical, since the time scales required for a floppy molecule to find its
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Chapter 1 Introduction

.

Figure 1.4: Schematic illustration of the crystalline packing variation with molecular flexibility and substituent
size: rigid or small donor groups (left), antiparallel alignment of dipolar chromophores, forming card-
stack structures with strong H-type coupling, while flexible or bulky donors (right) leading to slipped-stack
arrangements with dominant J-type coupling in the solid state. Reprinted with permission from A. Liess et al.,
Advanced Functional Materials, 2018, 28, 1805058. Copyright 2018 Wiley-VCH..

optimal adsorption site and orientation may be large, and barriers between metastable states can trap
the system in local minima[80, 83]. Moreover, periodic DFT calculations for these systems must be
performed with large supercells to avoid spurious molecule–molecule interactions between images,
and they must include dispersion corrections (or advanced van der Waals-inclusive functionals) to
capture the physisorption component accurately[84]. Each single-point DFT evaluation can thus be on
the order of tens or hundreds of CPU-hours, making an exhaustive search infeasible. The upshot is
that traditional methods would only allow exploration of a very limited set of guessed configurations,
running the risk of overlooking the true global minimum structure or other low-energy polymorphs of
the adsorbed layer. This is a well-recognized bottleneck in surface science and computational materials
design: the curse of dimensionality in configuration space hampers the application of first-principles
calculations to complex molecular adsorbates, catalysts, or multi-component interfaces[85–87]. In
recent years, several strategies have been developed to tackle this problem, including genetic algorithms
and random structure search for surface adsorbates[88, 89], machine-learning accelerated potential
energy scanning[90, 91], and Bayesian optimization techniques[92, 93]. In particular, approaches that
combine atomistic simulations with machine learning have shown great promise for efficient structure
prediction of large adsorbates[80, 94]. By employing an AI surrogate model to guide the search,
one can dramatically reduce the number of expensive DFT evaluations needed to find low-energy
structures[92, 94]. This thesis adopts such an approach to surmount the computational challenges of
the HB238 adsorption problem.

One powerful framework used in this work is the Bayesian Optimization Structure Search (BOSS)
method.[92, 95] and the use cases are shown in Figure 1.5.[92] BOSS is a global optimization
algorithm that iteratively builds a surrogate model of the PES (using e.g. Gaussian process regression)
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Figure 1.5: Overview diagram of the Bayesian Optimization Structure Search (BOSS) algorithm. Source: BOSS
research project website (https://sites.utu.fi/boss/research/, accessed 30 October 2025.[92, 100]

and uses Bayesian optimization to decide where to sample next with DFT in order to locate stable
structures efficiently. In essence, BOSS treats each new DFT calculation as an experiment to maximize
information gain about the energy landscape. Starting from an initial set of configurations (which
may be generated randomly or by coarse heuristics), BOSS fits a probabilistic model (mean and
uncertainty) to the DFT energies. It then proposes a new configuration to evaluate by balancing
exploitation (sampling where the model predicts a low energy) and exploration (sampling where
model uncertainty is high), according to an acquisition function such as expected improvement. The
DFT result for that new structure is then used to update the surrogate model, and the cycle repeats.
This active-learning loop continues until convergence, gradually honing in on the global minimum
and other low-energy minima of the adsorbate PES.[92, 95] The advantage of BOSS is that it can
navigate very large configurational spaces with far fewer evaluations than a brute-force or random
search. Todorović et al.[92] introduced BOSS in 2019 and demonstrated its effectiveness on high-
dimensional optimization problems in materials science. Subsequent applications include identifying
the stable binding configurations of complex adsorbates on metal surfaces,[79, 95] exploring molecular
conformers in gas and solution phases,[96, 97] and even examining spin-crossover and magnetic
structure optimizations.[98, 99] For example, Järvi et al. applied BOSS to (1S)-camphor on Cu(111) –
a chiral, flexible adsorbate with a 6D search space – and successfully found multiple unique adsorption
geometries, including the global minimum chemisorbed structure, with an order of magnitude fewer
DFT calculations than a brute-force approach would require.[95] This and other studies[80, 93] have
validated BOSS as an efficient and reliable tool for structure prediction at organic/inorganic interfaces,
even when conventional intuition (e.g. assuming flat adsorption) might be misleading. In our work,
we employ BOSS to explore the vast phase space of HB238 configurations on various surfaces, aiming
to unearth the most stable adsorption arrangements systematically.

Another cutting-edge technique central to our approach is the use of machine-learned interatomic
potentials to accelerate energy and force evaluations. Specifically, we utilize the MACE[101] as
a highly accurate surrogate for DFT calculations.[101] MACE is part of the latest generation of
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machine learning force fields that combine the atomic cluster expansion formalism[102, 103] with
graph neural network architectures to achieve fast and precise predictions of atomic energies and
forces.[101] This approach allows incorporation of many-body interactions to arbitrary order, and the
use of symmetry-preserving neural networks makes it extremely flexible and accurate across a wide
range of chemistries.[101] Recent studies have demonstrated that MACE-based potentials can reach
near-DFT accuracy for both energies and forces in systems containing up to thousands of atoms, at
a computational cost that is orders of magnitude lower than DFT[104, 105]. For example, Yang et
al. showed that a machine-learned ACE potential could replicate DFT phonon spectra and thermal
expansion properties of wurtzite AlN, enabling molecular dynamics simulations over nanosecond
timescales that are impossible with direct DFT.[106] In the context of surface chemistry, MACE and
related ML potentials have been applied to study catalytic reactions and adsorbate diffusion, providing
dynamical insights beyond the reach of static DFT alone.[94, 107] A crucial feature of MACE (and
many ML potentials) is the ability to estimate uncertainty or confidence in predictions, typically via
an ensemble of models or Bayesian dropout. This is indispensable when integrating an ML potential
into an active-learning loop, as it allows the detection of when the ML model is extrapolating beyond
its training data.

By combining BOSS with MACE, we establish a powerful workflow for Bayesian optimization
guided by a machine-learning surrogate – referred to here as BOSS×MACE. In this approach, the
MACE potential serves as the surrogate model within the BOSS loop, providing rapid predictions of
adsorption energies and thus enabling an extensive search of the configurational space with minimal
direct DFT calls. Initially, a small set of DFT computations (e.g. on a few dozen random structures)
is used to train the MACE model. BOSS then uses the MACE model to scan the PES and identify
candidate minima, while periodically validating and retraining on new DFT data points to ensure
accuracy. This synergy of Bayesian active learning and a high-fidelity ML potential greatly accelerates
convergence to the global minimum structure,[108, 109] In essence, BOSS×MACE leverages the
strength of ML in interpolating the PES and the strength of DFT in providing absolute accuracy
when needed. The development of this combined approach builds upon recent advances by multiple
research groups. Todorović and coworkers implemented on-the-fly machine-learning models in their
BOSS code to handle molecular adsorbates efficiently[92]. Meanwhile, the ACE/MACE framework
was refined by Drautz, Csányi, Ortner and collaborators around 2019–2022[101–103], yielding
open-source tools for generating ML potentials with quantified uncertainties. Very recently, Jeschke
et al. demonstrated a successful example of combining these ideas: they employed a MACE-derived
potential within a BOSS workflow to determine the adsorption geometry of furfural on Cu(111),
achieving an order-of-magnitude speedup in the global structure search and capturing subtle adsorbate
distortions that plain DFT scanning had missed.[108] Their study showcased how an active-learning
loop with an ML surrogate can effectively map out a complex PES (in that case involving both flat
and tilted adsorption configurations of a flexible molecule) with high confidence. Inspired by these
developments, our work applies the BOSS×MACE methodology to the HB238/metal and HB238/hBN
systems for the first time. By doing so, we address the twin challenges of configurational complexity
and computational cost that have so far limited theoretical studies of large organic adsorbates. We
demonstrate that this approach can not only locate the most stable adsorption structures, but also
provide insight into the manifold of metastable states, energy barriers for reorientation, and the
influence of substrate on molecular conformation.

In this thesis, computational approaches for investigation of merocyanine molecules, specifically
their optoelectronic properties and adsorption behaviour on several templating surfaces are presented.
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Chapter 1 introduces the motivation, scientific background, and significance of merocyanine dyes
as model systems for optoelectronic device applications. Chapter 2 outlines the theoretical details
and computational methodologies employed, including the fundamentals of density functional theory
(DFT) for periodic systems, dispersion-correction, and the implementation details of BOSS and
MACE. Chapter 3 presents a detailed theoretical study of the optoelectronic properties of merocyanine
molecules, evaluating the performance of several electronic-structure methods TD-DFT, GW-BSE
and STEOM-DLPNO-CCSD in describing excitation energies, solvent effects, and donor–acceptor
interactions. Chapter 4 focus on the modeling of HB238 monolayer formation on the Ag(100) surface,
analyzing the interplay between molecule–substrate and intermolecular interactions in determining
monolayer ordering and adsorption energetics. Chapter 5 introduces a machine-learning-accelerated
global search for adsorption geometries of merocyanine molecules on hexagonal boron nitride,
establishing the MACE × BOSS framework that couples data-driven interatomic potentials with
Bayesian optimization to efficiently explore high-dimensional potential-energy landscapes. Chapter 6
extends this framework to study HB238 adsorption on coinage metal surfaces (Cu, Ag, Au), providing
insight into substrate-dependent adsorption behavior and interfacial electronic structure through the
combined use of MACE and BOSS. Finally, Chapter 7 summarizes the principal findings, evaluates
the applicability and limitations of the MACE × BOSS methodology, and outlines perspectives for
future developments in multiscale modeling of organic/inorganic interfaces. Together, these studies
demonstrate how the integration of theoretical understanding and machine-learning–based modeling
can advance the predictive description of complex molecular materials and their optoelectronic
interfaces.
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CHAPTER 2

Theoretical Details

2.1 Fundamentals of Density Functional Theory (DFT)
2.1.1 Introduction
Density Functional Theory (DFT) is one of the most widely used methods in quantum chemistry and
condensed matter physics due to its balance of accuracy and computational efficiency. Instead of dealing
with the complex many-electron wavefunction, DFT reformulates the problem in terms of the electron
density, as established by the Hohenberg–Kohn theorems. Practical calculations use the Kohn–Sham
formalism, which maps the interacting system onto non-interacting electrons with the same density,
while many-body effects are included through an exchange-correlation functional. Approximations
such as the Local Density Approximation (LDA), Generalized Gradient Approximation (GGA),
meta-GGA, hybrid and double-hybrid functionals have been developed to improve accuracy across
diverse systems. Additional techniques, including plane-wave basis sets and dispersion corrections,
extend DFT’s applicability to periodic systems and van der Waals interactions. This theoretical
framework provides the basis for modeling merocyanine molecules in the following chapters. This
chapter is based on Refs. [110–114]; for more detailed discussions and comprehensive descriptions,
the reader is referred to the original literature.

2.1.2 Many-body Schrödinger Equation and Born–Oppenheimer
Approximation

A key goal in molecular quantum mechanics is to solve the time-independent Schrödinger equation to
calculate the electronic structures of atoms and molecules. Modern computational methods extend
these calculations to increasingly complex molecular, solid and liquid systems [114].

The fundamental equation governing molecular quantum calculations systems is the electronic
Schrödinger equation:

𝐻̂Ψ(𝑟; 𝑅) = 𝐸 (𝑅)Ψ(𝑟; 𝑅) (2.1)

where 𝐻̂ is the Hamiltonian, Ψ(𝑟; 𝑅) is the electronic wavefunction that depends on the electronic
coordinates 𝑟 and parametrically on the nuclear positions 𝑅 and 𝐸 (𝑅) is the electronic energy, which
depends on the nuclear configuration.
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The molecular electronic Hamiltonian for a system with 𝑁𝑒 electrons and 𝑁𝑛 nuclei in atomic units
(where ℏ = 𝑚𝑒 = 𝑒 = 4𝜋𝜀0 = 1) is given by:

𝐻̂ = −1
2

𝑁𝑒∑︁
𝑖=1

∇2
𝑖 −

𝑁𝑒∑︁
𝑖=1

𝑁𝑛∑︁
𝐼=1

𝑍𝐼

𝑟𝑖𝐼
+ 1

2

𝑁𝑒∑︁
𝑖≠ 𝑗

1
𝑟𝑖 𝑗
. (2.2)

Here, 𝑍𝐼 is the charge of the 𝐼-th nucleus, 𝑟𝑖𝐼 is the distance between electron 𝑖 and nucleus 𝐼, and
𝑟𝑖 𝑗 is the distance between electrons 𝑖 and 𝑗 . Within the Born–Oppenheimer approximation (BOA),
nuclear kinetic energy is neglected and the nucleus–nucleus repulsion term is added separately after
the electronic calculation.

Due to the large difference in mass between nuclei and electrons—where nuclei are approximately
103 to 104 times heavier than electrons, their motions occur on very different timescales. This
observation forms the basis of the Born–Oppenheimer approximation, which assumes that the
electronic and nuclear motions can be separated. Under this approximation, the total wavefunction
can be written as a product of the electronic wavefunction and the nuclear wavefunction:

Ψ(𝑟, 𝑅) = 𝜓𝑒 (𝑟; 𝑅)𝜒𝑛 (𝑅), (2.3)

where 𝜓𝑒 (𝑟; 𝑅) represents the electronic wavefunction for a fixed nuclear geometry, and 𝜒𝑛 (𝑅) is the
nuclear wavefunction. Substituting this into the full Schrödinger equation and assuming fixed nuclei
yields the electronic Schrödinger equation:

𝐻̂𝑒 (𝑅)𝜓𝑒 (𝑟; 𝑅) = 𝐸 (𝑅)𝜓𝑒 (𝑟; 𝑅). (2.4)

This equation is solved to obtain the electronic energy 𝐸 (𝑅), which is then used in subsequent nuclear
motion treatments such as vibrational analysis or molecular dynamics.

While the Born–Oppenheimer approximation is widely used due to its ability to significantly reduce
computational cost, it may fail in cases where the coupling between electronic and nuclear motion
is strong. Examples include systems exhibiting Jahn–Teller distortions, conical intersections, or
strong vibronic coupling.[115] Nonetheless, the BOA remains a foundational assumption in most
electronic structure calculations, providing a practical and effective framework for exploring the
quantum behavior of molecules and materials.

2.1.3 Hohenberg–Kohn Theorems

DFT is based on the Hohenberg–Kohn theorems, which establish the foundation for using the electron
density 𝑛(r) instead of the wavefunction Ψ to describe electronic systems. The first Hohenberg–Kohn
theorem establishes that the ground state of any interacting many-particle system, subject to a fixed
inter-particle interaction, is uniquely determined by its electron density 𝑛(r).[116] In other words, the
ground state wavefunction Ψ0 can be expressed as a unique functional of the ground state electron
density:

Ψ0 = Ψ[𝑛0] (2.5)

This result allows the ground state energy 𝐸 to also be written as a functional of the electron density:

𝐸 [Ψ[𝑛0]] = ⟨Ψ[𝑛0] |𝑇 + 𝑉̂ + 𝑈̂ |Ψ[𝑛0]⟩ (2.6)
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𝑇 is the kinetic energy operator of electrons, 𝑉̂ is the external potential due to nuclei, and 𝑈̂ represents
electron–electron repulsion. While this theorem guarantees the existence of such an energy functional
𝐸 [𝑛0], it does not provide its explicit form.

The second Hohenberg–Kohn theorem states that the true electron density is the one that yields the
lowest possible value of the energy functional, corresponding to the solution of the full Schrödinger
equation.

If the exact form of this functional were available, different trial electron densities could be evaluated
and the one that minimizes the energy would represent the correct density. This concept is known
as the variational principle and is widely used in practice, though instead of the exact functional
numerous approximations are employed to make the calculations possible. [110]

In principle, knowledge of the exact energy functional would allow determination of the ground-state
electron density through minimization. Once obtained, this density would provide access to all
ground-state properties of the system. [117]

2.1.4 Wavefunctions and the Kohn–Sham Formalism

To approximate solutions of the many-electron Schrödinger equation, the construction of the electronic
wavefunction must be considered. Since electrons are fermions, the total wavefunction must be
antisymmetric under exchange, in accordance with the Pauli exclusion principle.[112] This requirement
is satisfied by writing the many-electron wavefunction as a Slater determinant built from single-particle
spin–orbitals:

𝜓𝑖 (𝑟, 𝜎) =
(∑︁

𝜇

𝑐𝑖𝜇 𝜙𝜇 (𝑟)
)
𝜒(𝜎) (2.7)

where 𝜙𝜇 (𝑟) are basis functions (atomic orbitals or Gaussians), 𝑐𝑖𝜇 are variational coefficients, and
𝜒(𝜎) ∈ {𝛼(𝜎), 𝛽(𝜎)} is the spin function.

The total antisymmetric wavefunction for 𝑁 electrons is then

Ψ(𝑟1, 𝜎1; . . . ; 𝑟𝑁 , 𝜎𝑁 ) =
1

√
𝑁!

�������
𝜓1(𝑟1, 𝜎1) · · · 𝜓𝑁 (𝑟1, 𝜎1)

...
. . .

...

𝜓1(𝑟𝑁 , 𝜎𝑁 ) · · · 𝜓𝑁 (𝑟𝑁 , 𝜎𝑁 )

������� . (2.8)

The Hohenberg–Kohn theorems establish that the ground-state energy is a unique functional of the
electron density 𝑛(𝑟). Kohn and Sham reformulated this problem by introducing an auxiliary system
of non-interacting electrons that reproduces the same 𝑛(𝑟). The energy functional is separated as

𝐸 [𝑛] = 𝐸known [𝑛] + 𝐸XC [𝑛], (2.9)

where 𝐸known contains terms for non-interacting electrons that are expressible analytically and 𝐸XC
is the unknown exchange–correlation contribution or here: correction of kinetic energy of the
non-interacting particles. In atomic units, the known part is

𝐸known [𝑛] = − 1
2

∑︁
𝑖

∫
𝜓
∗
𝑖 (𝑟)∇

2
𝜓𝑖 (𝑟) 𝑑

3
𝑟 −
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𝑟 + 1
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∬
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3
𝑟 𝑑

3
𝑟
′ + 𝐸ion.

(2.10)
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Minimization of 𝐸 [𝑛] leads to the Kohn–Sham equations:[
− 1

2∇
2 −𝑉 (𝑟) +𝑉𝐻 (𝑟) +𝑉𝑋𝐶 (𝑟)

]
𝜓𝑖 (𝑟, 𝜎) = 𝜀𝑖𝜓𝑖 (𝑟, 𝜎), (2.11)

where 𝑉 (𝑟) is the external nuclear potential,

𝑉𝐻 (𝑟) =
∫

𝑛(𝑟 ′)
|𝑟 − 𝑟 ′ |

𝑑
3
𝑟
′ (2.12)

is the Hartree potential, and 𝑉𝑋𝐶 (𝑟) = 𝛿𝐸𝑋𝐶/𝛿𝑛(𝑟) is the exchange–correlation potential, including
the kinetic energy correction with respect to the non-interacting particle approximation, commonly
denoted as density functional approximation (DFA).

The electron density is updated self-consistently as

𝑛(𝑟) =
∑︁
𝑖

𝑓𝑖

∑︁
𝜎=𝛼,𝛽

|𝜓𝑖 (𝑟, 𝜎) |
2
, (2.13)

where 𝑓𝑖 are orbital occupations. This defines the self-consistent field (SCF) procedure.

2.1.5 Exchange–Correlation Functionals and Approximations
Since the exact form of 𝐸XC is unknown, various approximations are used in DFT calculations.
Depending on the chosen approximation for the exchange–correlation energy 𝐸XC, the corresponding
potential 𝑣̂XC is computed differently. In the Kohn–Sham (KS) scheme, [118] it is obtained as the
functional derivative of the energy with respect to the electron density:

𝑣XC(𝑟) =
𝛿𝐸XC [𝑛]
𝛿𝑛(𝑟) .

Over the years, numerous approximations for the exchange–correlation functional have been de-
veloped. [119, 120] These approximations are commonly organized into a hierarchy known as "Jacob’s
ladder", ranging from simple to more sophisticated models as shown in Fig 2.1.

A higher rung on Jacob’s ladder generally leads to better accuracy but also to higher computational
cost because more complex ingredients are involved. The lowest rung, the Local Density Approximation
(LDA), depends only on the local electron density and commonly employs the Slater–Dirac exchange
or the uniform electron gas model. While LDA often overbinds molecules and is rarely reliable
for molecular chemistry, it performs quite well for solid-state systems where the electron density is
nearly uniform, which makes the uniform electron gas approximation a reasonable description of bulk
materials. The next step is the Generalized Gradient Approximation (GGA), which extends LDA by
including the gradient of the electron density (∇𝜌), thereby capturing spatial variations in density
and improving the description of bonding and geometries. Building further, meta-GGAs (mGGAs)
incorporate higher-order ingredients such as kinetic energy density, providing more flexibility and
accuracy across a wide range of systems. An important development in this class is the r2SCAN
functional, a numerically stable refinement of SCAN; when combined with Hartree–Fock exchange it
forms r2SCANh, a hybrid functional. In this work, r2SCANh was employed for electronic structure
calculations because it offers reliable accuracy at a moderate computational cost. The next rung
is occupied by hybrid functionals, which replace part of the GGA exchange with Hartree–Fock
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Figure 2.1: Schematic representation of Jacob’s ladder of density functional approximations (DFAs).

exchange, introducing non-local effects that reduce self-interaction error and improve accuracy for
many chemical and spectroscopic properties. A widely used subclass of hybrids are range-separated
hybrids (RSHs), where the fraction of exact exchange depends on the electron–electron distance,
thereby improving the treatment of charge-transfer states and noncovalent interactions. Finally, the top
rung of practical density functional approximations is represented by double-hybrid functionals, which
combine hybrid exchange with perturbative correlation, often from MP2, thus including information
from virtual orbitals and achieving very high accuracy for thermochemistry, kinetics, and excitation
spectra, although at increased computational cost. Above these, Full Configuration Interaction (Full
CI) represents the theoretical limit, providing the exact solution within a given basis set but only
feasible for very small systems.

2.1.6 Basis Sets and Plane-Wave Expansion in Periodic Systems

In quantum mechanical calculations, the basis set refers to a set of mathematical functions used to
represent the electronic wavefunctions. Since solving the Schrödinger or Kohn–Sham equations ana-
lytically for real materials is generally not feasible, wavefunctions are expanded as linear combinations
of these basis functions. The choice of basis set influences not only the accuracy of the solution but
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also the computational cost and numerical stability of the method.[121]

For isolated systems such as molecules, localized basis functions like Gaussian-type orbitals or
Slater-type orbitals are often used. However, for periodic systems which include crystalline solids and
extended surfaces, plane waves are the basis functions of choice, owing to their compatibility with the
periodic nature of the potential in these systems.[122]

This compatibility stems from Bloch’s theorem, a fundamental result in solid-state physics, which
states that the eigenfunctions of electrons in a periodic potential can be written as:

𝜓𝑛𝑘 (𝑟) = 𝑒
𝑖𝑘 ·𝑟

𝑢𝑛𝑘 (𝑟) (2.14)

where 𝜓𝑛𝑘 (𝑟) is the wavefunction of the 𝑛𝑡ℎ energy band, 𝑘 is the wave vector, and 𝑢𝑛𝑘 (𝑟) is a function
that has the same periodicity as the crystal lattice. This form indicates that the wavefunction can be
expressed as a sum of plane waves modulated by a latticeperiodic function.[123, 124]

In practice, the electronic wavefunctions are expanded in a finite set of plane waves:

𝜓𝑖 (𝑟) =
∑︁
G
𝐶𝑖G𝑒

𝑖k+G · 𝑟 (2.15)

Here, G are the reciprocal lattice vectors, k is a point in the Brillouin zone, and 𝐶𝑖G are the
expansion coefficients. Because a full expansion would involve infinitely many plane waves, a kinetic
energy cutoff is introduced to truncate the basis set, retaining only those plane waves for which:

ℏ
2

2𝑚
|k + G|2 ≤ 𝐸𝑐𝑢𝑡 (2.16)

The value of 𝐸𝑐𝑢𝑡 must be carefully chosen to balance computational cost with the required
accuracy; convergence tests are typically performed to determine a suitable cutoff for each system and
pseudopotential.

Moreover, in periodic systems, explicitly treating the core electrons requires a very high plane-wave
cutoff due to the rapid oscillations of their wavefunctions near the nuclei. These sharp features,
particularly the cusp behavior at the nucleus, require a large number of plane waves to be accurately
represented in reciprocal space. To address this, pseudopotentials or the projector augmented-wave
(PAW)[125] method are employed to replace the all-electron potential with a smoother, effective
potential. This allows for an accurate treatment of valence electrons while significantly reducing the
number of plane waves needed.[126]

To evaluate quantities in the reciprocal space, such as integrals over the Brillouin zone, a k-point
sampling scheme is used. The Monkhorst–Pack grid is commonly employed to generate a set of
discrete k-points that approximate this integral.[127] The density of the k-point mesh is particularly
important for systems with partially filled bands, where the electronic structure near the Fermi level is
sensitive to the sampling.

Altogether, the plane-wave basis set, combined with Bloch’s theorem, appropriate pseudopotentials,
and efficient Brillouin zone sampling, forms the computational backbone of periodic DFT calculations.
In this work, plane-wave DFT calculations were performed using VASP (Vienna Ab initio Simulation
Package)[128, 129], where pseudopotentials and plane-wave expansion are efficiently implemented.
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2.1 Fundamentals of Density Functional Theory (DFT)

2.1.7 Dispersion Correction

Standard DFT functionals fail to capture van der Waals (vdW) interactions, which are critical for weak
intermolecular interactions, physisorption, and long-range correlation effects. This limitation arises
because most commonly used exchange-correlation functionals, such as the LDA and GGA, do not
include nonlocal correlation effects that are responsible for dispersion forces.[130, 131]

To address this shortcoming, semi-empirical dispersion corrections have been developed and are
now widely employed. One of the most successful families of such approaches is the Grimme DFT-D
framework. Among these, the D3 method has become especially popular due to its favorable balance
between accuracy and computational efficiency.[132] In this scheme, the total energy is corrected by
adding an explicit dispersion contribution,

𝐸DFT-D3 = 𝐸DFT + 𝐸D3
disp, (2.17)

where 𝐸D3
disp accounts for long-range dispersion effects not captured by semilocal functionals.

The D3 correction is formulated as a pairwise sum over atomic pairs:

𝐸
D3
disp = −1

2

∑︁
𝑖, 𝑗

∑︁
𝑛=6,8

𝑠𝑛
𝐶
𝑖 𝑗
𝑛

𝑅
𝑛
𝑖 𝑗

𝑓damp,𝑛 (𝑅𝑖 𝑗), (2.18)

where 𝑅𝑖 𝑗 is the distance between atoms 𝑖 and 𝑗 , 𝑠𝑛 are DFA-specific global scaling factors, and
𝑓damp,𝑛 (𝑅𝑖 𝑗) is a damping function that smoothly switches off the correction at short range to avoid
double-counting correlation effects already described by the DFA.

The dispersion coefficients 𝐶𝑖 𝑗
𝑛 describe the strength of the long-range correlation between two

atoms. The leading 𝐶6 term arises from dipole–dipole interactions and dominates at long range, while
the 𝐶8 term corresponds to dipole–quadrupole interactions and provides an important correction at
shorter distances. These coefficients are not empirical constants; they are derived from first-principles
quantities such as atomic polarizabilities and ionization potentials, and in D3 they are further modified
to depend on the local environment through coordination numbers.

A widely used damping function in D3 is the Becke–Johnson (BJ) scheme,

𝑓damp,𝑛 (𝑅𝑖 𝑗) =
1

1 + 6
(
𝑅𝑟,𝑖 𝑗

𝑅𝑖 𝑗

)𝛼𝑛
, (2.19)

where 𝑅𝑟 ,𝑖 𝑗 is a reference distance and 𝛼𝑛 is an adjustable parameter. This ensures a smooth transition
between the short-range correlation already described by the base functional and the long-range
dispersion correction.

The successor method, D4, refines this approach by replacing the coordination-number dependence
with density-derived atomic partial charges, providing improved accuracy in charged and polar
systems.[133] The total dispersion energy in D4 is given by

𝐸
D4
disp = −1

2

∑︁
𝑖, 𝑗

∑︁
𝑛=6,8

𝑠𝑛
𝐶
𝑖 𝑗
𝑛 (𝑞)
𝑅
𝑛
𝑖 𝑗

𝑓damp,𝑛 (𝑅𝑖 𝑗) −
1
6

∑︁
𝑖, 𝑗 ,𝑘

𝐸
𝑖 𝑗𝑘

ATM, (2.20)

where the pairwise contribution is similar to D3 but now depends on atomic partial charges 𝑞, and the
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second term introduces the Axilrod–Teller–Muto (ATM) three-body correction,

𝐸
𝑖 𝑗𝑘

ATM =

𝐶
𝑖 𝑗𝑘

9

(
3 cos 𝜃𝑖 cos 𝜃 𝑗 cos 𝜃𝑘 + 1

)
(𝑅𝑖 𝑗𝑅𝑖𝑘𝑅 𝑗𝑘)

3 , (2.21)

with 𝐶𝑖 𝑗𝑘

9 related to the product of the 𝐶6 coefficients and the angles 𝜃 describing the geometry of the
atomic triplet.

2.1.8 Extended Tight Binding (xTB)
Extended tight-binding (xTB) methods belong to the family of density functional tight-binding (DFTB)
approaches, which approximate the total energy through a Taylor expansion of the density functional
around a reference density of neutral non-interacting atoms 𝜌0:

𝐸 [𝜌] = 𝐸 (0) [𝜌0] + 𝐸
(1) [𝜌0, 𝛿𝜌] + 𝐸

(2) [𝜌0, (𝛿𝜌)
2] + . . . (2.22)

Truncation at different orders defines specific models: first order yields a non-self-consistent
form, second order corresponds to DFTB2, and third order results in DFTB3. The widely used
GFN1-xTB[134] and GFN2-xTB[135] methods are based on third-order expansions and are designed
to cover a broad range of molecules and materials.

The total energy can be expressed as a sum of contributions:

𝐸tot = 𝐸el + 𝐸rep + 𝐸elstat + 𝐸disp + 𝐸xc + . . . (2.23)

Electronic interactions are described through effective Hamiltonians with parameters derived from
reference quantum chemistry data. The Hamiltonian is constructed analogously to the Roothaan–Hall
equation,

𝐻𝐶 = 𝑆𝐶𝜖, (2.24)

with matrix elements fitted to reproduce higher-level results. A self-consistent charge (SCC) scheme
accounts for polarization effects.[136]

GFN-type extensions (geometry, frequency, noncovalent) broaden the applicability of xTB across
the periodic table. Both GFN1-xTB and GFN2-xTB include empirical dispersion corrections (D3
and D4)[132, 133] to capture long-range correlation. GFN2-xTB further incorporates multipole
electrostatics up to quadrupoles, anisotropic exchange contributions, and refined parameterization for
noncovalent interactions such as hydrogen bonding and halogen bonding. These refinements improve
accuracy for geometries, vibrational frequencies, and binding energies compared to earlier variants.

Despite its efficiency and broad applicability, xTB has known limitations. It inherits the semi-
empirical nature of its parametrization and can therefore perform poorly for low-bandgap systems,
underestimation of electronic excitation gaps. It has a slight tendency to overbind charge-transfer
complexes, and difficulties in describing some transition-metal coordination motifs.

The GFN2-xTB method[135] has been used in this work for conformational sampling using
the Conformer Rotamer Ensamble Sampling Tool (CREST).[137] Conformational ensembles were
generated with the iMTD-sMTD workflow, which combines parallel metadynamics for initial
conformer exploration with multiple parallel static metadynamics (sMTD) simulations for systematic
refinement. In this approach, previously identified conformers are used as static references during the
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2.2 Time-Dependent Density Functional Theory (TDDFT)

umbrella sampling stage, and several sMTD runs are executed in parallel to enhance coverage of the
conformational space.

After each iteration, the ensemble is analyzed through PCA and 𝑘-means clustering of dihedral
descriptors to identify representative structures and eliminate redundancies. This iterative process
continues until convergence of both the number of conformers and the configurational entropy is
reached.

2.2 Time-Dependent Density Functional Theory (TDDFT)
Time-dependent density functional theory (TDDFT) extends ground-state DFT to excited states,
with its formal foundation given by the Runge–Gross theorem,[138] which establishes a one-to-one
correspondence between a system’s time-dependent external potential 𝑣ext(r, 𝑡) and its electron density
𝑛(r, 𝑡), for a fixed initial state. This is the time-dependent analogue of the Hohenberg–Kohn theorem.

In practice, the interacting system is replaced by an auxiliary Kohn–Sham (KS) system of non-
interacting electrons evolving under an effective potential 𝑣KS(r, 𝑡), chosen to reproduce the exact
density at all times:

𝑖ℏ
𝜕

𝜕𝑡
𝜑𝑖 (r, 𝑡) =

[
−∇2

2
+ 𝑣KS(r, 𝑡)

]
𝜑𝑖 (r, 𝑡), (2.25)

with the density reconstructed as

𝑛(r, 𝑡) =
occ∑︁
𝑖

|𝜑𝑖 (r, 𝑡) |
2
. (2.26)

The effective potential has the form

𝑣KS(r, 𝑡) = 𝑣ext(r, 𝑡) + 𝑣H(r, 𝑡) + 𝑣xc(r, 𝑡), (2.27)

where 𝑣xc is the exchange–correlation (xc) potential. A formal definition of 𝑣xc was provided by van
Leeuwen via the Keldysh contour formalism,[139] though its exact form remains unknown, making
𝑣xc the sole fundamental approximation in TDDFT.

Linear-Response TDDFT
For most applications, the linear-response (LR) formulation of TDDFT is employed.[140] Here,
the response of the density 𝑛1(r, 𝜔) to a weak perturbing potential 𝑣1(r, 𝜔) is expressed via the
density–density response function 𝜒(r, r′, 𝜔):

𝑛1(r, 𝜔) =
∫

𝑑
3
𝑟
′
𝜒(r, r′, 𝜔)𝑣1(r

′
, 𝜔). (2.28)

The excitation energies correspond to the poles of 𝜒(𝜔). This response is related to the KS response
𝜒𝑠 by

𝜒 = 𝜒𝑠 + 𝜒𝑠 ( 𝑓𝐻 + 𝑓xc)𝜒, (2.29)

where 𝑓𝐻 and 𝑓xc denote the Hartree and xc kernels, respectively.[141] Reformulated as an eigenvalue
problem, this yields the Casida equation, a practical scheme to compute excitation energies from KS
orbital differences and kernel contributions.
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In practice, the adiabatic approximation is almost universally adopted, assuming a time-local and
frequency-independent kernel,

𝑓xc(r, r
′) =

𝛿𝑣xc(r)
𝛿𝑛(r′)

, (2.30)

which is efficient but limited, notably failing for double excitations and long-range charge transfer.[142]
Despite these shortcomings, LR-TDDFT is widely used for molecular and condensed-phase excited-

state calculations due to its balance between accuracy and computational cost.[143, 144] Its efficiency
and integration with ground-state DFT codes have established it as a standard tool in electronic
structure theory.

2.2.1 Optical Absorption Spectra Calculations

The quantum chemistry code ORCA[145] calculates absorption (UV-Vis) spectra using Time-
Dependent Density Functional Theory (TD-DFT) within the linear-response formalism [140]. The
process begins with a ground-state geometry optimization, typically performed using DFT methods
such as B3LYP [146] with a suitable basis set (e.g., def2-SVP or def2-TZVP [147]). Once the structure
is optimized, a single-point DFT calculation is carried out to determine the molecular orbitals, orbital
energies, and electron density distribution. These ground-state properties form the basis for the
TD-DFT calculations, where ORCA solves the Casida equations, which arise from the linear-response
of the electron density to an external oscillating electric field [140]. This yields a set of excited states
characterized by excitation energies (Δ𝐸), oscillator strengths ( 𝑓 ), and transition dipole moments.

The oscillator strength 𝑓𝑖 𝑗 for a transition from the ground state 𝜓𝑖 to an excited state 𝜓 𝑗 is given
by [148]:

𝑓𝑖 𝑗 =
2
3
Δ𝐸𝑖 𝑗

∑︁
𝛼

��⟨𝜓𝑖 |𝑟𝛼 |𝜓 𝑗⟩
��2 (2.31)

where 𝑟𝛼 is the Cartesian component of the electric dipole operator and Δ𝐸𝑖 𝑗 is the excitation
energy in atomic units. These oscillator strengths quantify the probability of light absorption at
specific energies and are essential for simulating the optical absorption spectrum. The output of a
TD-DFT calculation in ORCA typically includes a list of singlet and/or triplet excited states, their
excitation energies, oscillator strengths, and dominant orbital transitions (e.g., HOMO → LUMO).

To generate a continuous absorption spectrum, the discrete excitation lines (line spectrum) are
broadened using a Gaussian or Lorentzian convolution:

𝐴(𝐸) =
∑︁
𝑖

𝑓𝑖 · exp

(
−
(𝐸 − Δ𝐸𝑖)

2

2𝜎2

)
(2.32)

Here, 𝐴(𝐸) is the absorption intensity at energy 𝐸 , 𝑓𝑖 is the oscillator strength of the 𝑖-th transition,
and 𝜎 is the spectral broadening parameter (typically 0.1–0.3 eV). This post-processing can be
performed using ORCA’s orca_mapspc utility or with external plotting software.

For systems in solution, ORCA enables the inclusion of solvent effects through implicit solvation
models such as the Conductor-like Polarizable Continuum Model (CPCM) [149] or the SMD
model [150], which modify the dielectric environment and may lead to solvatochromic shifts in the
excitation energies.
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2.3 GWBSE and TDCP-DFT

Standard TD-DFT often shows systematic errors in excitation energies due to shortcomings of the
exchange–correlation functional and the treatment of electron–hole interactions.[151, 152] More
reliable predictions can be obtained with the GW approximation combined with the Bethe–Salpeter
equation (GW-BSE), which incorporates many-body effects, or with Time-Dependent Coupled
Perturbed DFT (TDCP-DFT), which improves the response kernel.[153]

2.3.1 GW and Bethe–Salpeter Equation (BSE) Formalism

The GW-BSE approach systematically goes beyond standard DFT by incorporating dynamic screening
and explicit electron–hole interactions, which are essential for an accurate description of excited states.

In the GW formalism, quasiparticle energies are obtained by correcting Kohn-Sham eigenvalues
with the electronic self-energy Σ(𝜔), constructed from the one-particle Green’s function 𝐺 and the
screened Coulomb interaction𝑊 [154, 155]:

𝜀
QP
𝑛 = 𝜀

DFT
𝑛 + ⟨𝜙𝑛 |Σ(𝜀

QP
𝑛 ) −𝑉xc |𝜙𝑛⟩, (2.33)

Σ(r, r′, 𝜔) = 𝑖

2𝜋

∫
𝑑𝜔

′
𝐺 (r, r′, 𝜔 + 𝜔′)𝑊 (r, r′, 𝜔′). (2.34)

This treatment captures dynamical polarization and correlation effects absent in mean-field approxim-
ations, yielding reliable quasiparticle band structures and ionization potentials.

Optical excitations require a treatment of correlated electron–hole pairs, which is achieved within
the Bethe–Salpeter Equation (BSE) [156, 157]. The BSE reduces to an effective eigenvalue problem
for the excitonic amplitudes 𝐴𝑣𝑐

𝑆 : ∑︁
𝑣
′
𝑐
′
𝐻𝑣𝑐,𝑣

′
𝑐
′𝐴

𝑣
′
𝑐
′

𝑆 = Ω𝑆𝐴
𝑣𝑐
𝑆 , (2.35)

where 𝑣 and 𝑐 denote valence and conduction states, and Ω𝑆 is the excitation energy of the system.
The effective Hamiltonian matrix is:

𝐻𝑣𝑐,𝑣
′
𝑐
′ = (𝜀QP

𝑐 − 𝜀QP
𝑣 )𝛿𝑣𝑣′𝛿𝑐𝑐′ + 𝐾𝑣𝑐,𝑣

′
𝑐
′ , (2.36)

with the kernel 𝐾𝑣𝑐,𝑣
′
𝑐
′ comprising an attractive screened Coulomb term and a repulsive bare exchange

contribution term [158].

By solving the BSE, exciton binding energies and oscillator strengths are obtained, enabling
the calculation of absorption spectra that explicitly include excitonic effects. The combined GW-
BSE approach thus provides a quantitatively accurate description of excited-state properties across
molecular systems, semiconductors, and nanostructures, outperforming conventional DFT and TD-
DFT particularly in the presence of strong electron correlation, long-range charge transfer, or bound
excitons [157, 158].
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2.3.2 Time-Dependent Coupled-Perturbed Density Functional Theory
(TDCP-DFT)

TDCP-DFT is a linear-response formalism for computing excitation energies of molecules and solids. It
is rooted in the same theoretical framework as Time-Dependent Density Functional Theory (TDDFT),
but avoids solving the Casida eigenvalue problem. Instead, excitation energies are obtained from the
poles of the frequency-dependent polarizability, derived directly from the system’s response to an
external oscillating electric field [153, 159, 160].

The central quantity is the frequency-dependent polarizability tensor:

𝛼𝑖 𝑗 (𝜔) =
∑︁
𝑛

⟨0| 𝜇̂𝑖 |𝑛⟩⟨𝑛| 𝜇̂ 𝑗 |0⟩
𝜔 − 𝜔𝑛 + 𝑖Γ

, (2.37)

where 𝜔 is the driving-field frequency, 𝜔𝑛 are the excitation energies, 𝜇̂𝑖 is the dipole operator, and
Γ is a broadening parameter. Resonances in 𝛼𝑖 𝑗 (𝜔) occur at 𝜔 = 𝜔𝑛, yielding the excitation energy.

A key advantage of TDCP-DFT is that it eliminates the explicit construction of unoccupied orbitals.
Instead, the first-order density response is obtained by solving the coupled-perturbed Kohn–Sham
(CP-KS) equations self-consistently. From this density variation, the polarizability is computed
directly. The approach is particularly efficient for extended systems, where the dimension of the
unoccupied space is large, and achieves reliable results when used with hybrid functionals.

Excitation energies are extracted by fitting the polarizability in the vicinity of resonances with a
rational function,

𝛼̃(𝜔) = [𝐴 + 𝐵(𝜔 − 𝐶)]−1
, (2.38)

such that the pole position is given by:

𝜔𝐼 = − 𝐴
𝐵
+ 𝐶. (2.39)

TDCP-DFT has been successfully applied to both molecular and solid-state systems. For instance,
in Cu2O, the method reproduces absorption peak at 2.63 eV, in excellent agreement with experimental
value of 2.61 eV. [161, 162]. In molecular aggregates such as merocyanine dyes, it captures
packing-induced redshifts arising from dipole–dipole interactions [163].

2.3.3 Electronic Structure: DOS, Fermi Level, and Band Gap
The density of states (DOS) quantifies the number of electronic states per unit energy and is expressed
as

𝑔(𝐸) =
∑︁
𝑛k
𝛿(𝐸 − 𝐸𝑛k), (2.40)

where 𝐸𝑛k are the Kohn–Sham eigenvalues for band index 𝑛 and crystal momentum k. In practice, the
delta function is replaced by a Gaussian or Lorentzian broadening to obtain a smooth representation.
A more detailed decomposition is provided by the projected density of states (PDOS), obtained by
projection of the wavefunctions onto localized atomic orbitals 𝜙𝛼:

𝑔𝛼 (𝐸) =
∑︁
𝑛k

��⟨𝜙𝛼 |𝜓𝑛k⟩
��2 𝛿(𝐸 − 𝐸𝑛k). (2.41)
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Figure 2.2: Illustration of direct and indirect Band-gap Semiconductor.

The PDOS isolates the contributions of specific orbitals and atoms to the electronic structure.

The Fermi level 𝐸𝐹 is defined as the highest occupied electronic energy at𝑇 = 0 K and is determined
by the condition

𝑁 =

∫ ∞

−∞
𝑓 (𝐸) 𝑔(𝐸) 𝑑𝐸, (2.42)

with 𝑁 the total number of electrons and 𝑓 (𝐸) the Fermi–Dirac distribution,

𝑓 (𝐸) = 1

1 + exp
(
𝐸−𝐸𝐹

𝑘𝐵𝑇

) . (2.43)

At zero temperature, the distribution reduces to a step function, filling all states below 𝐸𝐹 . The
electronic band gap is defined as the energy difference between the conduction band minimum (CBM)
and valence band maximum (VBM),

𝐸𝑔 = 𝐸CBM − 𝐸VBM. (2.44)

A direct gap occurs when both extrema are located at the same k-point, while an indirect gap arises
when they occur at different points in the Brillouin zone as shown in Figure 2.2. Direct gaps permit
vertical optical transitions without phonon involvement, whereas indirect transitions require phonon
participation to conserve momentum.

23



Chapter 2 Theoretical Details

2.4 Adsorption and Surface Interactions
The interaction of molecules with solid surfaces underpins processes in heterogeneous catalysis,[164]
molecular sensing,[165, 166] organic electronics,[167] and surface functionalization.[168] Despite
advances in experimental characterization and electronic-structure methods, predicting adsorption
structures and energetics of large, flexible molecules remains challenging. A molecular-level under-
standing of adsorption geometry and binding interactions is essential for bottom-up nanotechnology
approaches where precise control of molecular orientation and stability on surfaces is required.[16, 72]

2.4.1 Geometry Optimization and Global Minimum Search
The adsorption geometry is determined by the strength and character of molecule–surface interactions
and is obtained through geometry optimization, where atomic positions are relaxed until forces
converge below a threshold. The global minimum represents the most stable adsorption configuration.
For flexible molecules, the theoretical search for the global minimum structure is preceded by a
gas-phase conformational search to identify the lowest-energy conformer, which is then used as the
starting structure for adsorption studies. CREST (Conformer–Rotamer Ensemble Sampling Tool)[137]
combined with semi-empirical tight-binding methods such as GFN1-xTB[135] efficiently samples
the conformational landscape, ensuring adsorption calculations begin with the most stable molecular
geometry.

Once placed on the surface, geometry optimization is performed using standard algorithms such as the
Conjugate Gradient (CG)[169] or the preconditioned limited-memory Broyden–Fletcher–Goldfarb–Shanno
(PreconLBFGS)[170] methods, which minimize the total energy in systems with many degrees of
freedom. Convergence to a stable adsorption geometry is verified by ensuring minimal residual forces
and analyzing adsorption height, bonding character, and charge redistribution. In this way however
only local minima are obtained depending on the initial structures selected in the optimization process.
The search for grobal minima is described in Section 2.5.

Preconditioned LBFGS Optimization

In the present study, the PreconLBFGS algorithm was employed. It is a quasi-Newton method that
approximates the inverse Hessian from successive gradients without explicit second derivatives.[171,
172] A limitation of the standard LBFGS scheme is that it typically initializes the approximation with
a scaled identity matrix, which can lead to slow convergence in ill-conditioned systems such as flexible
molecules adsorbed on rigid surfaces.[173]

The preconditioned LBFGS (precon-LBFGS) method addresses this by replacing the identity
initialization with a physically motivated preconditioner that captures approximate curvature.[174] In
practice, the preconditioner serves as an approximate inverse Hessian,

𝐻0 ≈ 𝑀
−1
, (2.45)

where 𝑀−1 reflects low-cost estimates of the system’s stiffness (e.g., neighbor-based force constants
or sparse Laplacians). This accelerates convergence by scaling the search directions according to the
underlying vibrational modes, without requiring explicit Hessian construction.

Thus, precon-LBFGS preserves the efficiency of LBFGS while greatly improving robustness for
large molecule–surface optimizations, where soft and stiff modes coexist and standard optimizers
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often stagnate.

2.4.2 Adsorption Energy and Stability Criteria

The stability of adsorption is quantified by the adsorption energy:

𝐸ads = 𝐸adsorbed system −
(
𝐸surface + 𝐸gas-phase molecule

)
, (2.46)

where 𝐸adsorbed system is the total energy of the adsorbate–surface complex, 𝐸surface the clean substrate
energy, and 𝐸gas-phase molecule the optimized isolated molecule. Negative 𝐸ads values indicate exothermic,
thermodynamically favorable adsorption.

Two regimes of adsorption are typically distinguished. Physisorption is dominated by weak,
long-range van der Waals forces or electrostatic interaction and involves minimal charge redistribution;
it is characterized by small adsorption energies and larger equilibrium distances. Chemisorption, in
contrast, involves the formation of covalent bonds with significant electronic hybridization and charge
transfer, yielding larger adsorption energies and shorter molecule–surface separations.

For molecular assemblies, intermolecular stabilization is captured by the interaction energy:

𝐸int = 𝐸monolayer −
∑︁
𝑖

𝐸isolated adsorbed molecules, (2.47)

where 𝐸monolayer is the total energy of the optimized adsorbed layer, and
∑

𝑖 𝐸isolated adsorbed molecules
refers to the energies of individual molecules extracted from the monolayer in their fixed monolayer
geometries (without further relaxation). A negative 𝐸int reflects stabilizing lateral interactions, arising
from hydrogen bonding, dipole–dipole coupling, or 𝜋–𝜋 stacking. Together, 𝐸ads and 𝐸int provide a
comprehensive measure of adsorption stability and collective behavior on surfaces.

2.4.3 Scanning Tunneling Microscopy (STM) Simulations

STM enables atomic-scale imaging of surfaces by exploiting the quantum tunneling of electrons
between a conductive tip and the sample under an applied bias. Theoretical STM images can
be generated to validate adsorption geometries obtained from DFT and to compare directly with
experimental measurements. In this work, STM simulations were performed within the Tersoff–
Hamann approximation as implemented in VASP.[129, 175]

The Tersoff–Hamann model assumes that the tip apex can be approximated by a spherical 𝑠-type
orbital located at the tip position r0. Within this approximation, the tunneling current is proportional
to the integrated local density of states (LDOS) of the sample at the tip position,

𝐼 (𝑉) ∝
∫ 𝐸𝐹+𝐸

𝐸𝐹

𝜌𝑠 (r0, 𝐸) 𝑑𝐸, (2.48)

where 𝐸𝐹 is the Fermi level, 𝑉 is the applied bias voltage, and 𝜌𝑠 (r0, 𝐸) is the LDOS of the sample at
energy 𝐸 and spatial coordinate r0. The tip position r0 includes both the lateral coordinates (𝑥, 𝑦) and
the height 𝑧 above the surface.

In practice, simulated STM images are obtained by mapping constant-current or constant-height
contours of the integrated LDOS, which directly reflects the electronic states accessible for tunneling
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in the chosen energy window.

2.4.4 X-ray Absorption Spectroscopy (XAS) Simulations

XAS provides element and site specific information on the unoccupied electronic structure and local
chemical environment of adsorbed molecules. To complement experimental spectra, theoretical XAS
simulations were performed in this study, using the projector-augmented wave (PAW) formalism as
implemented in VASP and GPAW.[176, 177]

Within this framework, core excitations are modeled using the Supercell Core Hole (SCH) approach,
where a core electron is removed from the PAW potential of the selected atom, thereby introducing an
explicit core hole. To suppress spurious interactions between periodic images of the core-excited site,
sufficiently large supercells are employed. The electronic density is then relaxed self-consistently in
the presence of the core hole, ensuring that the screening response of the valence electrons is captured.

After convergence, the XAS spectrum is obtained from the imaginary part of the dielectric tensor,
computed using Fermi’s golden rule:

𝜀
(2)
𝛼𝛼 (𝜔) =

4𝜋2
𝑒

2
ℏ

2

Ω𝜔
2
𝑚

2
𝑒

∑︁
core,𝑐,k

2𝑤k
��〈𝜓𝑐k

��𝑖∇𝛼 − k𝛼

��𝜓core
〉��2 𝛿 (𝜀𝑐k − 𝜀core − 𝜔

)
, (2.49)

where Ω is the supercell volume, 𝑤k are the Brillouin-zone sampling weights, 𝜓𝑐k are the conduction-
band wavefunctions, and 𝜓core is the core state wavefunction. The Dirac delta function 𝛿 enforces
energy conservation between the absorbed photon energy 𝜔 and the transition from the core level
𝜀core to the conduction state 𝜀𝑐k.

This methodology enables quantitative analysis of local electronic structure, coordination environ-
ment, and oxidation state, providing a direct link between first-principles simulations and experimental
spectra.

2.5 Machine Learning Potentials and Global Optimization
Algorithms

Machine Learning Interatomic Potentials (MLIPs) provide a data-driven framework for predicting
potential energy surfaces (PES) with near–DFT accuracy at a fraction of the computational cost.[178]
Instead of solving the electronic structure problem explicitly, MLIPs learn a mapping between atomic
configurations and corresponding energies and forces, trained on reference quantum-mechanical data.
By construction, MLIPs must respect fundamental physical symmetries, including translation, rotation,
and permutation invariance of identical atoms.

A rigorous foundation for modern MLIPs is the Atomic Cluster Expansion (ACE), which sys-
tematically expands atomic energies in terms of many-body basis functions of atomic neighbor
densities.[102] In practice, the ACE framework captures the local atomic environment through
systematically increasing body-order terms—pair, triple, quadruple, and higher-order correlations
between neighboring atoms. The pair (two-body) terms describe radial interactions between an atom
and each of its neighbors, similar to classical pair potentials. The triple (three-body) terms introduce
angular dependencies by considering atom triplets, thereby encoding how bond angles influence
local energetics. Higher-order terms capture more complex geometric correlations and many-body
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effects. Each contribution is expressed in a complete and orthogonal basis constructed from products
of radial basis functions and spherical harmonics, ensuring a compact yet systematically improvable
description of the atomic neighbor density. This hierarchical expansion allows ACE to bridge smoothly
from simple empirical pair potentials to highly expressive many-body models approaching quantum
mechanical accuracy.

The ACE representation of the energy of atom 𝑖 can be expressed as:

𝐸𝑖 =
∑︁
𝜈

𝑐𝜈𝐵𝜈 ({r 𝑗𝑖}), (2.50)

where 𝑐𝜈 are expansion coefficients, and 𝐵𝜈 are basis functions constructed from products of radial
basis functions and spherical harmonics that encode the geometry of the local atomic environment
{r 𝑗𝑖}.

The MACE (Message Passing Atomic Cluster Expansion) framework extends ACE by integrating
it with equivariant message-passing neural networks (MPNNs).[101] In MACE, atomic environments
are represented as geometric tensors derived from spherical harmonics and radial functions, and
atomic interactions are updated through tensor products and Clebsch–Gordan contractions. Crucially,
the architecture enforces rotation equivariance (outputs transform covariantly under SO(3) rotations)
and reflection invariance (energies do not change under inversion). This guarantees that the predicted
energies and forces are physically consistent with the symmetries of the underlying potential energy
surface.

The total energy is written as a sum of atomic contributions learned by the model:

𝐸total =
∑︁
𝑖

𝐸𝑖 ({r 𝑗𝑖}), (2.51)

with 𝐸𝑖 obtained via graph-based message passing. The model separates body-order (expressivity of
geometric correlations) from the number of message-passing layers (spatial range). This decoupling
enables high accuracy with shallow networks: in practice, MACE achieves near–DFT fidelity with
only 1–2 message-passing layers of the neural network and body order up to 4, substantially lowering
training and inference costs relative to earlier equivariant architectures.[179]

Pretrained MACE-MP-0 Model:
In this work, the pretrained mace_mp model (MACE-MP-0)[101] was employed, which was trained

on a dataset of more than 1.5 million DFT-calculated molecular dynamics configurations (MPtrj)
derived from Materials Project structures, covering 89 elements. Reference energies and forces were
computed using the PBE(+U) functional.[180] Key training parameters include:

• num_interactions: 2 layers

• hidden_irreps: 256 × (0𝑒 + 1𝑜 + 2𝑒 + 3𝑜)

• Radial cutoff: 𝑟max = 5 Å

• Radial basis: Bessel functions with polynomial envelope

• Optimizer: AMSGrad, initial learning rate 10−3

• Loss weights: 𝜆𝐸 = 1, 𝜆𝐹 = 1000
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To specialize the model for adsorption studies, the pretrained MACE-MP-0 was fine-tuned on
custom datasets comprising adsorption geometries and energies of the HB238 molecule on various
metal surfaces. This transfer-learning step increased sensitivity to system-specific interactions, such
as charge redistribution, molecule–surface bonding, and dispersion forces. The resulting fine-tuned
potential retained the efficiency of MACE while achieving accuracy comparable to DFT for adsorption
energetics. It was subsequently employed for large-scale geometry optimization and potential energy
surface exploration within the Bayesian Optimization Structure Search (BOSS) framework.[92]

2.5.1 Bayesian Optimization Structure Search

BOSS is a data-efficient global optimization framework developed to identify low-energy configurations
of complex atomic and molecular systems. It is particularly well-suited for structure prediction tasks
involving hybrid organic–inorganic interfaces, such as molecular adsorption on surfaces [92]. It
couples first-principles evaluations with a Bayesian optimization strategy, constructing a probabilistic
surrogate model of the PES using a Gaussian Process (GP). The GP posterior provides both a predictive
mean 𝜇(x) and an uncertainty estimate 𝜎(x), which are combined in an acquisition function to guide
sampling.

For training data D = {x𝑖 , 𝐸𝑖}, the GP posterior mean and variance are given by:

𝜇(x) = 𝑘 (x, 𝑋) [𝐾 + 𝛿2
𝐼]−1E, (2.52)

𝜎
2(x) = 𝑘 (x, x) − 𝑘 (x, 𝑋) [𝐾 + 𝛿2

𝐼]−1
𝑘 (𝑋, x), (2.53)

where 𝑘 (x, x′) is the kernel function, 𝜌 the signal variance, ℓ the length scale, and 𝛿 the regularization
parameter accounting for numerical noise. A Gaussian-type kernel is typically used:

𝑘 (x, x′) = 𝜌2 exp

(
− ∥x − x′∥2

2ℓ2

)
. (2.54)

New candidate configurations are chosen via the Lower Confidence Bound (LCB) acquisition
function:

LCB(x) = 𝜇(x) − 𝜅 𝜎(x), (2.55)

where the exploration–exploitation parameter 𝜅 controls the balance between sampling uncertain
regions (𝜎) and refining low-energy predictions (𝜇). A representative illustration of this Bayesian
optimization process is shown in Figure 2.3, where the surrogate Gaussian Process, its associated
uncertainty, and the acquisition function are depicted in a 1D schematic.

At each optimization step, the GP posterior is updated with newly evaluated configurations, refining
both 𝜇(x) and 𝜎(x). The acquisition function—here, the Lower Confidence Bound—then determines
the next configuration to sample by minimizing the trade-off between exploration of uncertain
regions (large 𝜎) and exploitation of promising low-energy regions (small 𝜇). This iterative process
progressively improves the surrogate model while efficiently converging toward the global minimum
of the potential energy surface.

Initial sampling is performed using Sobol sequences, which are quasi-random low-discrepancy
sequences that uniformly explore the high-dimensional search space. This ensures broad initial
coverage before refinement by Bayesian optimization.
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Figure 2.3: Representative schematic of Bayesian Optimization in 1D. The true potential energy surface (black
dashed) is approximated by a Gaussian Process surrogate (blue line) with uncertainty bands (shaded). Sampled
configurations (red points) update the surrogate, while the acquisition function (green dashed) guides exploration.
The next sampling point, chosen as the minimum of the acquisition function, is indicated by the gold star.

The configurational degrees of freedom for molecular adsorption typically include translational
(𝑥, 𝑦, 𝑧) and rotational (𝛼, 𝛽, 𝛾) coordinates, with the adsorption energy expressed as:

𝐸ads = 𝐸 (𝑥, 𝑦, 𝑧, 𝛼, 𝛽, 𝛾). (2.56)

Rigid-body approximations are employed to constrain intramolecular degrees of freedom, which is
appropriate for physisorption and moderate chemisorption scenarios.

BOSS has demonstrated outstanding efficiency in molecular adsorption studies. Todorović et
al.[92] reconstructed a 5D PES using fewer than 700 DFT evaluations with sub-angstrom accuracy.
Järvi et al.[181] identified eight distinct adsorption geometries of camphor on Cu(111) from 1380
BOSS-sampled points, achieving structural deviations < 0.2 Å and energy deviations < 0.05 eV
compared to relaxed DFT results. Extensions of BOSS to semiconducting surfaces further confirmed
its ability to resolve adsorption geometries, configurational energy barriers, and charge-transfer trends
essential for surface engineering.[182]
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Merocyanines (MCs) are highly polar 𝜋-conjugated donor–acceptor molecules widely studied for
their self-assembly and optoelectronic behavior, with applications in nonlinear optics, photorefractivity,
and organic solar cells. Each molecule contains electron-donating and electron-accepting groups
bridged by an ethylene or polyethylene chain. A key structural parameter is the bond-length alternation
(BLA), defined as the difference between the average lengths of single and double C–C bonds along
the 𝜋-conjugated bridge. The magnitude and sign of BLA distinguish neutral from zwitterionic
resonance forms: small or vanishing BLA corresponds to the cyanine-like state, while large positive
or negative BLAs mark increasing contributions of neutral or zwitterionic character, respectively.
Standard generalized-gradient DFT functionals often fail to reproduce the experimentally observed
BLA and excitation energies accurately.

In this study, several theoretical approaches like TD-DFT, GW-BSE, STEOM-DLPNO-CCSD,
CASSCF/NEVPT2-FIC, and the TDCP-DFT were benchmarked for the computation of optoelectronic
properties with respect to experimental results on four representative MCs (D1A1, D1A2, D1A3,
D2A4) composed of donor units such as 5-ethenyl N,N-disubstituted thiophenamine (D1) and a
Fischer-base derivative (D2) paired with electron-withdrawing acceptors A1–A4. Initial conformer
searches were carried out with CREST using GFN1-xTB. The geometry of the most stable conformers
for each respresentative molecule were optimizated using PBE, PBE0, B3LYP, CAM-B3LYP, B97X,
and B2PLYP functionals with def2-TZVP and Grimme-D3 dispersion corrections. Solvent effects
were included via the CPCM model.[183] Dispersion-corrected double-hybrid B2PLYP-D3 and hybrid
PBE0-D3 gave the best match to X-ray BLAs, though both still underestimated and occasionally
produced the wrong sign for D1A2 and D1A3. Reoptimizing structures in polar solvents such as
acetone or dichloromethane changed the BLA sign—indicating a neutral–zwitterionic shift and
lowered mean absolute deviations relative to X-ray data, demonstrating the importance of solvation
effects.

Optical properties were then evaluated. HOMO energies and vertical 𝑆0 → 𝑆1 excitation energies
were calculated using TD-DFT with various DFAs. Hybrid functionals such as PBE0 and B3LYP
reproduced experimental HOMO energies within ∼0.1 eV, whereas CAM-B3LYP underestimated
the ionization energy. All TD-DFT methods overestimated 𝑆1 by 0.7–0.9 eV relative to experiment,
and increasing the basis set from def2-DZVP to def2-QZVPP did not correct this. Monte Carlo
sampling of conformers showed only minor broadening of the absorption band (on the order of 0.1 eV),
indicating that conformational variability does not explain the discrepancy. It was therefore concluded
that TDDFT is not suitable for accurate calculation of the excitation energies of MCs.

Benchmarking excitation energy across correlated methods revealed mean absolute deviations of
0.34 eV for GW-BSE, 0.11 eV for STEOM-DLPNO-CCSD, and 0.14 eV for CASSCF/NEVPT2-FIC
and TDCP-DFT. Applying solvent shifts (𝛿𝑆) computed with TD-B2PLYP further reduced GW-BSE
errors to ≈ 0.05–0.07 eV, yielding near-quantitative agreement with experiment. Finally, TDCP-DFT
calculations for the crystalline MC HB238 showed 𝑆1 values 0.1–0.3 eV lower than for the gas-phase
molecule due to weak exciton coupling. The accurate modeling of merocyanine dyes requires
double-hybrid DFT geometries with dispersion, explicit solvent treatment, and correlated excited-state
methods—GW-BSE being the most reliable, while TDCP-DFT offers a computationally efficient
alternative for both molecular and crystalline phases.
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The adsorption behavior of the merocyanine HB238 (2-[5-(5-dibutylamino-thiophene-2-yl-methylene)-
4-tert-butyl-5H-thiazol-2-ylidene]-malononitrile) on the Ag(100) surface has been characterized
experimentally by STM, SPA-LEED, XPS, and UPS by Kny et al.[82] These studies revealed that
HB238 forms a chiral tetrameric monolayer structure, referred to as the 𝛼-phase, which is structurally
distinct from its bulk crystal forms. Such symmetry breaking and chiral ordering highlight the role of
molecule–substrate interactions in directing merocyanine self-assembly.

In the present work, quantum-chemical calculations were performed to complement these experi-
mental results and provide a microscopic description of adsorption geometries, energetics, and the
resulting electronic structure. A full conformer search of HB238 in the gas phase was conducted using
the Conformer–Rotamer Ensemble Sampling Tool (CREST), which identified 356 conformers within
6 kJ mol−1. Geometry optimizations of these conformers at the PBE/D3 level yielded the most stable
gas-phase structure, which served as the starting point for adsorption modeling.

The Ag(100) surface was represented by a three-layer slab, with the bottom two layers fixed and the
topmost layer relaxed. The experimentally determined 𝛼-phase unit cell parameters (𝑎 = 23.30 Å,
𝑏 = 24.69 Å, 𝛾 = 103.43◦) were employed to construct monolayer models containing four HB238
molecules per unit cell. Multiple initial orientations were generated by systematically varying the
azimuthal rotation of the molecules while maintaining fourfold symmetry. Subsequent optimization
and adsorption energy evaluation identified the most stable configuration (model A), which closely
matches the experimental 𝛼-phase arrangement.

The optimized structure exhibits a face-on adsorption geometry, in which the 𝜋-conjugated backbone
of HB238 lies nearly parallel to the Ag(100) surface. The calculated adsorption energy of −3.51 eV
per molecule indicates strong stabilization through a combination of dispersion and electrostatic
interactions, complemented by intermolecular C–H· · ·N hydrogen bonds. The monolayer structure
was stabilized through a balance of weak chemisorption to the Ag substrate and intermolecular
interactions. Charge analysis using DDEC6 population analysis confirmed minor charge redistribution
between HB238 and the Ag substrate, with a small depletion at the sulfur sites and accumulation on the
tert-butyl carbons. Simulated STM images, obtained within the Tersoff–Hamann approximation,[175]
reproduce the experimentally observed tetrameric contrast, confirming the assignment of the 𝛼-phase.
Adsorption height analysis shows that the donor sulfur atom lies at 3.09 Å and the acceptor sulfur at
2.88 Å above the surface, consistent with partial covalent character in the S–Ag interaction.

Electronic structure calculations using hybrid functionals (r2SCANh, HSE06, and B3LYP) revealed
that the meta-GGA hybrid functional r2SCANh best reproduces the S bonding as observed in
experimental UPS spectra, with calculated HOMO and HOMO−1 energies of −1.80 eV and −2.90 eV,
respectively with respect to the Ag Fermi energy. The projected density of states (PDOS) and
charge-density-difference maps indicate weak hybridization between molecular frontier orbitals and
Ag states, accompanied by slight charge transfer from the surface to the molecule, which stabilizes
the adsorbed layer. Calculated x-ray absorption spectra (XAS) further demonstrate that the donor
and acceptor sulfur atoms in the monolayer exhibit nearly degenerate S 2𝑝 features, consistent with
experimental observations and reflecting surface-mediated charge redistribution.

The excellent agreement between calculated and experimental STM, PDOS, and XAS data confirms
that the proposed model accurately captures the structure and bonding of the 𝛼-phase. The results
establish HB238 as a prototypical donor–acceptor merocyanine for studying charge-transfer processes
at organic–metal interfaces.
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molecule on Hexagonal Boron Nitride

Understanding how large organic molecules adsorb on solid surfaces is crucial for designing
catalysts, sensors, and optoelectronic materials.[184–187] Hexagonal boron nitride (hBN) is con-
sidered a templating surface candidate for self-assembled monolayer growth because it is atomically
flat, chemically inert, and supports ordered molecular organization.[78, 188–190] However, the
adsorption of merocyanine dyes like HB238 on hBN has not been explored. Since HB238 is a
dipolar donor–acceptor chromophore with tunable optical properties, studying its interaction with
hBN can reveal how such molecules form ordered, weakly bound monolayers—an essential step
toward developing hybrid organic–2D optoelectronic system.[81, 82] Traditional DFT-based global
optimization methods are computationally expensive for large, flexible molecules like HB238. This
study aims to bridge that gap by combining machine learning (MACE) potentials with Bayesian
optimization (BOSS) to efficiently and accurately explore the adsorption landscape of HB238 on hBN,
providing fundamental insights into dipolar dye–surface interactions.

Initial conformational sampling of gas-phase HB238 was performed using CREST as described in
the previous chapter. The most stable conformer was relaxed using an untrained MACE potential
and positioned on a periodic hBN(001) slab. A training set of adsorption geometries for single and
dimer configurations was generated and optimised using PBE/D3 density functional theory (DFT) in
VASP. Three machine-learning potentials were subsequently fine-tuned: a model (MACE-1M) trained
on 1191 single-molecule structures, a second model (MACE-1M2M) expanded to 2354 structures
including dimers, and a third model (MACE-1M2M+C) incorporating 356 gas-phase conformers
and total 2660 structures. Training employed weighted energy and force targets producing energy
mean absolute errors below 2.5 meV per atom and force errors under 5 meV/Å−1. These potentials
were integrated into a Bayesian optimisation framework; each search started from 20 random samples
followed 980 optimisation cycles, with translational bounds chosen to avoid unphysical dimer overlaps.

The fine-tuned MACE potentials accurately ranked low-energy adsorption configurations, unlike
the untuned foundation model, which failed to distinguish stable structures. In the five-dimensional
(5D) single-molecule search—exploring two in-plane translations (𝑥, 𝑦) and three rotational degrees
of freedom (𝛼, 𝛽, 𝛾)—the top 700 configurations were 0.2 eV above the global minimum energy,
featuring a flat-lying HB238 molecule with sulfur atoms over hollow sites and high surface mobility.
For dimers, a ten-dimensional (10D) configurational search was performed, combining translations
and rotations of two molecules. The lowest-energy dimer showed two flat, parallel HB238 molecules
stabilized by lateral hydrogen bonding. Overall, 175 dimer configurations had energies 0.1 eV above
the minimum energy, with adsorption energies of –1.69 eV (monomer) and –1.95 eV (dimer), reflecting
a flat potential energy landscape dominated by weak intermolecular interactions.

Electronic-structure analysis corroborates the physisorptive nature of adsorption. Projected density
of states calculation indicate that the frontier orbitals remained sharp and localized. Charge density
difference maps show only minor redistribution around the cyano groups and little change on the
hBN substrate, implying weak electronic coupling and the absence of covalent bonding. This study
demonstrates that machine-learning-accelerated global search can efficiently map the adsorption
landscape of large organic molecules on 2D materials. The lack of strong site specificity and the
flat potential surface imply that HB238 molecules can diffuse on hBN, potentially hindering ordered
monolayer formation, while the approach itself offers a transferable framework for other organic
adsorbates.
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Chapter 6 HB238 Adsorption on Coinage Metal Surfaces: Insights from a combined
Machine-Learning Interatomic Potential and Bayesian Optimization Framework for Interfacial
Electronic Structure

The adsorption behavior of HB238 monolayers on Ag(100) surfaces was investigated in Chapter
4. In the present study, we focus on the adsorption of a single HB238 molecule on Cu(100),
Ag(100), and Au(100) surfaces using a hybrid machine learning–based framework that integrates
MACE interatomic potentials with Bayesian optimization (MACE×BOSS), as described in Chapter 5.
While the PreconLBFGS optimizer employed in Chapter 4 offers improved convergence compared
to conventional conjugate gradient methods, identifying the true global minimum on the complex
potential energy surface remains a significant challenge.

The choice of three different metal substrates—Cu, Ag, and Au allows systematic comparison of
molecule–surface interactions across metals with varying chemical reactivity and work functions. A
machine-learned interatomic potential MACE based on the MACE-MP-0 model was fine-tuned for each
metal substrate separately. The finetuned potential is used as an optimizer with Bayesian Optimization
Structure Search (BOSS) to efficiently sample 5 configurational degrees of freedom (lateral translations
along the surface lattice vectors and 3 rotational angles). Each run starts with 20 random configurations
followed by 980 adaptive evaluations, enabling exploration of several candidate geometries at negligible
cost. Promising structures were subsequently relaxed with dispersion-corrected DFT (PBE/ D3, 400 eV
cutoff) using slab models that allowed top-layer relaxation. For the electronic analysis, the r2SCANh
hybrid functional was employed for projected density of states (PDOS) calculations, while sulfur 2p
X-ray absorption spectra (XAS) were simulated using GPAW’s real-space projector augmented wave
method with ΔSCF core-hole treatment using PBE.

Bayesian exploration revealed that flat-lying adsorption is energetically favoured on all three
coinage metals. The global minima correspond to HB238 oriented face-on with its 𝜋-system parallel
to the surface, maximising dispersion and S–metal interactions. Side-on and edge-on structures
were 1.5–3.5 eV less stable, due to loss of molecule-metal contact and weaker S/N–metal bonding.
The MACE×BOSS workflow efficiently ranked structures and reproduced DFT energy ordering.
Adsorption energies followed the trend Cu >Au >Ag. The donor (S1) and acceptor (S2) sulfur atoms
prefer atop sites on Cu and Au, while on Ag the larger lattice constant forces S1 off-atop with only S2
near atop. Vertical distances range from 2.31–2.41 Å on Cu and 2.72–3.19 Å on Au/Ag, reflecting
stronger Cu–S bonding. Nitrogen atoms interact weakly and exhibit larger lateral deviations; cyano
nitrogens (N3/N4) lie closer to Cu (2.09 Å) than to Ag or Au.

Simulated sulfur L-edge XAS spectra show that the donor–acceptor splitting of S2p excitations is
0.44 eV in the gas phase and reduces to 0.29 eV on Cu(100), 0.26 eV on Ag(100) and 0.20 eV on
Au(100). The reduction reflects substrate-mediated charge redistribution that partially neutralize the
internal dipole. In monolayer simulations, intermolecular interactions further collapse the splitting,
explaining experimental XPS spectra that show no resolvable donor–acceptor separation. PDOS
revealed strong hybridisation between HB238 frontier orbitals and metal states. In the gas phase,
HB238 has a HOMO at –3.41 eV and LUMO at –2.05 eV. Upon adsorption, these levels renormalize
relative to the Fermi level (E𝐹). On Cu(100), the HOMO lies 1.39 eV below E𝐹 and the LUMO is
1.98 eV above E𝐹 , yielding a 3.37 eV gap. Au and Ag shift the HOMO closer to E𝐹 and the LUMO
further away (gap 3.97eV on Au and 4.13 eV on Ag).

The study demonstrates that flat-lying adsorption is preferred on all 3 metal surfaces and Cu provides
the strongest binding and greatest spectral renormalisation, while Ag and Au offer weaker coupling.
Surface screening drastically reduces the donor–acceptor splitting in sulfur XAS. Further studies
on the systemetic generation of monolayers employing the MACE×BOSS approach can provide
insights directly for tuning interfacial dipoles, work functions and charge transfer barriers in organic
optoelectronic devices.
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CHAPTER 7

Conclusions and Outlook

Organic optoelectronics[1–3] has advanced from a niche research area to a central component of
modern materials science,[191–193] enabling innovations in flexible displays,[4] solar cells,[194] and
molecular-scale information processing.[195, 196] The success of these technologies relies on the
ability to tailor the electronic and optical responses of organic semiconductors through molecular
design. Among these, merocyanines are donor–acceptor conjugated molecules characterized by strong
intramolecular charge transfer and have emerged as exemplary materials because of their large dipole
moments, strong nonlinear optical responses, and environment-dependent absorption spectra[48, 49,
197]. Their structural tunability and pronounced polar character make them attractive candidates for
next-generation optoelectronic devices, including organic photovoltaics, nonlinear optical switches,
photodetectors, and field-effect transistors[34, 55, 59]. Despite extensive experimental studies,
predicting how these flexible dipolar molecules behave at solid interfaces remains a significant
theoretical challenge. Molecular ordering, adsorption geometry, and interfacial charge redistribution
strongly affect device performance, yet their accurate description requires methods that can bridge
quantum-level accuracy with mesoscale structural complexity. This thesis addressed these challenges
by integrating first-principles simulations and machine-learning–accelerated structure search to
investigate the optoelectronic and adsorption behavior of the prototypical merocyanine HB238 across a
hierarchy of systems—from isolated molecules to ordered monolayers and complex organic/inorganic
interfaces.

In Chapter 3, a comprehensive theoretical investigation was conducted on the optoelectronic
properties of merocyanine dyes in gas phase and in solution, focusing on benchmarking computational
methods for accurately predicting excitation energies. The study compared TD-DFT, GW-BSE,
STEOM-DLPNO-CCSD and CASSCF/NEVPT2. The results demonstrated that while TD-DFT
tends to overestimate excitation energies, the GW-BSE approach provides excellent agreement with
experimental spectra. Solvent induced polarization and structural relaxation were shown to significantly
influence optical transitions, highlighting the importance of environmental effects. The TDCP-B3LYP
approach,[159] adapted here for donor–acceptor systems, reproduced key spectral features with
near-GW accuracy at much lower computational cost. In summary, these results established a reliable
computational framework for studying excitation energy of merocyanines and provided the foundation
for subsequent surface and interface investigations.[163]

The focus of Chapter 4 lies on the theoretical framework to model the self-assembly and adsorption
of HB238 on the Ag(100) surface using periodic density functional theory. The global minimum
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configuration revealed a flat-lying molecular orientation, forming a chiral tetramer arrangement in
agreement with scanning tunneling microscopy observations.[82, 198] The monolayer structure was
stabilized through a balance of weak chemisorption to the Ag substrate and intermolecular interaction.
Electronic structure analysis indicated partial charge transfer from the substrate to the molecule,
resulting in a filled LUMO just below the Fermi level—consistent with UPS data. The DFT-optimized
geometry reproduced the experimental adsorption height and electronic level alignment. This chapter
demonstrated the use of DFT-based modeling can accurately describe the adsorption geometry and
interfacial electronic coupling in complex organic monolayers.

In Chapter 5, the adsorption of HB238 on hBN was studied using a machine-learning–accelerated
global optimization workflow that combined BOSS[92] with MACE[101] potential denoted as
MACE×BOSS . This framework enabled efficient exploration of the high-dimensional configurational
space associated with flexible molecular adsorption. The global search revealed that HB238 adsorbs
on hBN in a flat configuration with multiple close-lying local minima, reflecting the weak and non-site-
specific nature of molecule–surface interactions. These findings show that while metallic substrates
have strong templating effects, hBN provides a largely inert platform where intermolecular interactions
dominate over substrate interactions. The success of the MACE×BOSS approach demonstrated that
machine learning reduces the computational cost of global structure prediction while maintaining
DFT-level accuracy, offering a scalable strategy for studying large organic adsorbates on weakly
interacting surfaces.

In Chapter 6, the MACE×BOSS methodology was applied to study adsorption of an isolated HB238
molecule on the (100) surfaces of coinage metals (Cu, Ag, and Au) to elucidate how substrate geometry
and electronic structure influences binding geometry. On Cu(100), the adsorption was predominantly
chemisorptive, characterized by strong Cu–S bonding. On Ag(100) and Au(100), the interaction was
primarily physisorptive, leading to weaker adsorption energies and greater orientational flexibility.
Analysis of projected density of states revealed systematic variations energy level alignment across the
three metals, highlighting how substrate reactivity governs the balance between molecule–substrate
and intermolecular interactions.

Building on the above findings, several future developments are envisioned to extend the theoretical
and computational framework for organic–inorganic interfaces. The MACE × BOSS methodology can
be generalized to other complex adsorbate–surface systems. Future work should explore its applicability
to diverse molecule/surface combinations, including different classes of organic semiconductors and
2D materials, to test the limits of the surrogate model’s transferability. One promising direction is
to adopt an active learning loop where the ML potential identifies new, informative configurations
(for example, unusual binding modes or transition states) that can be confirmed with targeted DFT
calculations and then added to the training data. Such iterative refinement would improve robustness
and reliability, ensuring the surrogate does not extrapolate beyond its validated domain.

In order to achieve multiscale modeling, the approach should be extended to capture finite-
temperature effects and dynamical processes. While the current work focused on 0 K equilibrium
structures (global minima and near-minima), real interfaces often involve entropy, kinetics, and
metastable states. Integrating the ML potential into molecular dynamics (MD) or Monte Carlo
simulations could enable the study of adsorbate diffusion and rotation on surfaces over longer time
scales. ML-driven MD can be used to simulate migration pathways of HB238 molecules on hBN at
experimental deposition temperatures and provide insight into nucleation mechanisms that may lead
to ordered monolayers. The fast speed of ML potentials makes it feasible to simulate larger systems
and longer time spans than with ab-initio MD. Additionally, using techniques like enhanced sampling
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or metadynamics with the ML potential can be used to study transition pathways between different
adsorption configurations and quantify energy barriers for surface diffusion or assembly.

Future theoretical studies should aim to link the atomistic modeling with macroscopic observables
relevant to organic electronics. For example, having identified the stable interface structures, their
electronic and optical properties using high-level methods (as benchmarked in Chapter 3) can be
calculated to predict how the substrate influences excitation energies, charge transfer states, or charge
transport at the interface. Combining the ground-state structural models with excited-state calculations
(TD-DFT or GW-BSE on the adsorbed molecules) would yield predictions of interfacial spectral shifts
or quenching/enhancement of optical absorption – directly testable against experiments. Likewise,
evaluating charge injection barriers or band alignment for the computed interface geometries would
inform device modeling (e.g. estimating how an hBN layer modifies the energy level alignment
between a merocyanine film and an electrode).

Future improvements to ML interatomic potentials could focus on more accurate treatment of
dispersion and long-range induction effects. Incorporating classical electrostatic descriptors or many-
body dispersion schemes directly into the machine learning framework would significantly improve
the description of weak intermolecular and molecule–surface interactions, thereby enhancing accuracy
for physisorbed systems. On the Bayesian optimization side, scaling up to even higher-dimensional
searches (e.g. considering flexible substrate lattices or multi-component co-adsorption) is a challenge.
Future research could incorporate more advanced global optimization algorithms or coarse-grained
models for initial screening. Cross-validation with experimental data will remain crucial, as new
interface systems are studied, theoretical predictions should be continuously benchmarked against
microscopic structural probes (STM, X-ray diffraction) and spectroscopy (UPS, XPS, etc.) to ensure
the models capture reality. As the models mature, an important future prospect lies in predicting and
designing ordered molecular monolayers directly from first principles—capturing the balance between
molecule–substrate interactions and self-assembly forces that govern large-scale pattern formation.
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Figure A.1: Table of content graphic (ToC)

Abstract Merocyanines, as prototypes of highly polar 𝜋-conjugated molecules, have been intensively
investigated for their self-assembly and optoelectronic properties, both experimentally and theoretically.
However, an accurate description of their structural and electronic properties remains challenging
for quantum-chemical methods. We assessed several theoretical approaches, TD-DFT, GW-BSE,
STEOM-DLPNO-CCSD, and CASSCF/NEVPT2-FIC for their reliability to reproduce optoelectronic
properties of a series of donor/acceptor (D/A) merocyanines, focusing on the first excitation energy.
Additionally, we tested an all-electron perturbative method based on time-dependent coupled-perturbed
density functional theory, denoted as TDCP-DFT. Particular focus was set on direct and indirect
solvent effects which affect excited-state energies by electrostatic interaction and molecular geometry.
The molecular configuration space was sampled at the semiempirical tight-binding level. Our results
corroborate previous investigations, showing that the S0-S1 excitation energy strongly depends on
the merocyanine molecular structure and the dielectric constant of the solvent. We found significant
effects of the polar solution environment on the geometry of the merocyanines, which strongly
affects the calculated excitation energies. Taking these effects into account best agreement between
calculated and measured excitation energies was obtained with TDCP-DFT and GW-BSE. We also
calculated excitation energies of molecular crystals at TDCP-DFT level, and compared the results to
the corresponding monomers.

A.1 Introduction
Merocyanines (MCs) are excellent candidates for optoelectronic applications because their optical
properties can be easily tailored using chemical and physical methods. MCs have been intensively
investigated, both experimentally and theoretically, for over four decades and have numerous applica-
tions ranging from textile colorants to high-tech opto-electronic devices. [42, 199–201] Pioneering
work by Marder[202], Blanchard-Desce[203], Meerholz[204], and Würthner et al.[47] paved the way
for their application in nonlinear optics[200, 205], photorefractivity[201, 204, 206], and solar cells
(OSC)[35]. The donor and acceptor groups present in MCs are linked by ethylene or polyethylene
bridges. As a result, a crucial structural characteristic of MCs is the so-called bond length alternation
(BLA) defined as a measure of the difference between single and double carbon-carbon bonds of the
polyethylene bridge. Small (large) BLA indicate increased (decreased) electron delocalization and
strong (weak) donor-acceptor coupling, resulting in a red (blue) shift in the spectra.[207] The BLA
parameter measures the electron delocalization within a molecule, with smaller BLA values generally
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indicating lower excitation energies. Conversely, larger BLA values signify reduced delocalization and
higher excitation energies, resulting in absorption at higher energy levels. A small or vanishing BLA
denotes an electronic structure that is close to the cyanine form, whereas a large positive or negative
BLA denotes an increase in the weight of the neutral or the zwitterionic form, respectively.[208] From
the theoretical point of view, MC BLA is not accurately described using standard DFT based on the
generalized gradient approximation. [209–211] In this work, we report the importance of optimizing
the molecular structure of MCs with double-hybrid density functionals in a polar environment to
accurately capture the measured BLA pattern of merocyanines.

The quantitative prediction and comprehension of low-lying excitations in MC molecules are
both fundamentally interesting and technologically important. For instance, the calculation of
excitation energies provides valuable insights into the photophysical properties of merocyanines[34,
35, 212], including absorption spectra[207, 213], fluorescence emission [214], and photochemical
behavior[211, 215]. A standard approach to calculate molecular excitation spectra is time-dependent
density-functional theory (TD-DFT) based on various density-functional approximations (DFA). In
previous studies it was found that the first excitation energy is overestimated by about 0.3 eV with
TD-DFT, even with fourth-rung DFA such as CAM-B3LYP[203]. Here, we assess the performance
of TD-DFT based on DFAs up to the fifth rung to reproduce the experimental first singlet excitation
energies of a selection of MCs with different donor/acceptor functional groups, denoted as D1A1,
D1A2, D1A3, D2A4 (see Figure A.2). Solvent effects were taken into account using the conductor-like
screening polarizable continuum model (CPCM) [183]. We compared the TD-DFT results with
higher-level methods such as the Green function-based Bethe-Salpeter Equation (GW-BSE) [216], the
complete active space self-consistent field (CASSCF)[217] and the similarity transformed equation of
motion coupled cluster theory (STEOM-DLPNO-CCSD) [218]. Additionally, the time-dependent
coupled-perturbed DFT (TDCP-DFT) method [153] was applied. This method has been demonstrated
to provide highly accurate excitation energies for inorganic solids [160, 161, 219], and in this work it
is applied to molecular systems for the first time. We analyze the electrostatic interaction between
merocyanine molecules in the crystalline state by aligning the transition dipole vectors. This method
yields deeper insights into the aggregation behavior that influences the optical absorption properties of
the merocyanines. Additionally, we analyze distances between the barycenters of adjacent molecules
to infer intermolecular coupling, providing a new perspective on the molecular interactions within
these systems.

A.1.1 Methods

All molecular structure optimizations and TD-DFT calculations were performed with ORCA version
5.0 [145]. The geometry of the MC molecules was optimized with the DFAs mentioned below,
def2-TZVP basis sets [147] and Grimme’s D3 dispersion correction [132]. An initial conformer
search was performed with CREST [137] combined with the semiempirical GFN1-xTB method [134].
The most stable conformers were then optimized in gas-phase and in solution applying the CPCM
[183] solvation model in ORCA.[145] All TDDFT calculations are performed with non-equilibrium
and linear response PCM regime. The solvent shift of the first excitation energy 𝛿𝑆 = 𝑆

𝑠𝑜𝑙
1 − 𝑆𝑔𝑎𝑠1

is calculated at TD-DFT level and applied to the higher-level methods where the CPCM cannot be
applied.

We employed the following density functional approximations (DFA): PBE[220], PBE0[221],
B3LYP[146, 222–224], CAM-B3LYP[225],wB97X[226], B2PLYP [227], and basis sets def2-TZVP,
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def2-TZVPP and def2-QVZPP [228] for the TD-DFT calculations. In order to investigate the influence
of electron correlation, STEOM-DLPNO-CCSD[218] calculations were performed on DFT-optimized
geometries using ORCA version 4.2.0.[229] We utilized two different basis sets (namely def2-SVP
and def2-TZVP), and considered up to five singlet states in our calculations, employing standard
threshold parameters, including DTol, STol, OThresh, and VThresh, as specified in the ORCA manual.
GW-BSE calculations of the optimized MC structures were performed with the MOLGW code [230]
applying the G𝑛W0 approximation based on B3LYP [222, 223] wavefunctions obtained with Dunning
correlation-consistent polarized triple-zeta (cc-pVTZ) basis sets [231]. We observed that quasiparticle
energies converged within a few meV within six iterations. The GW approach takes into account
electron correlation and polarization effects around holes and electrons, and provides physically
meaningful one-electron energy levels. By solving the Bethe-Salpeter equations (BSE) electron-hole
interaction is included for excited states. This approach has been proven to provide reliable results for
excitation energies of organic molecules.[232]

TDCP-DFT [138, 157], also based on B3LYP wavefunctions, was applied as implemented in a locally
modified version of CRYSTAL14 [153, 159, 233]. We used optimized BSSE-corrected triple-zeta
plus polarization basis sets (pob-TZVP-rev2). [234] The poles of the dynamical polarizability tensor
are calculated to approximate the optical transition energies. The TDCP-DFT method only provides
dipole allowed transitions and does not account for quadrupole or dipole magnetic effects. In addition,
because we used a purely adiabatic approximation for the non-local hybrid kernel, this approach can
only determine the fundamental mode of the exciton series. Further, we calculated the dielectric
constant of the molecular crystals using the CPHF method in CRYSTAL.[235, 236]

Fractional occupation number weighted electron density (FOD) calculations were conducted
using ORCA to assess the partial occupation of frontier orbitals and determine the FOD number
(N_FOD).[237] The FOD number serves as a molecular parameter indicating the presence of
"hot" electrons, specifically correlated electrons within the system. Default Density Functional
Approximations (DFA) as implemented in ORCA version 4.2.0 were employed for these FOD
calculations.

Furthermore, FOD calculations were utilized as an initial screening tool to determine the active
space for further Complete Active Space Self-Consistent Field (CASSCF) calculations.[238] For
the MCs under investigation, various active spaces were considered, spanning from (4,4) to (12,12).
Unless otherwise stated, the chosen active space is (12,12). To refine the energy determination of
singlet excited states, second-order N-electron valence perturbation theory (NEVPT2) corrections with
fully internally contracted (FIC) wavefunctions were incorporated using the CASSCF/NEVPT2-FIC
method, which is available in ORCA version 4.2.0.[229]

Unless stated otherwise, the B2PLYP optimized geometries were used for all calculations to achieve
consistency. Only the first singlet excited state 𝑆1 was considered for each chromophore, as the higher
excited states are outside the visible region of the absorption spectrum (TDDFT artifact), which were
not the focus of this work. We compare the computed excited state 𝑆1 of the investigated MCs to
experimental absorption maxima obtained from the UV-Vis adsorption measurements.[199, 239–241]

A.2 Results and Discussion

The structures of the donor (D) and acceptor (A) units investigated in this study are shown in
Figure A.2. The four reference systems studied here are classified according to the D/A combin-
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Figure A.2: Molecular structures of the donor (D) and acceptor (A) units constituting the merocyanines
investigated. R can be either n-butyl(n-Bu) or ethyl(Et) group.

Figure A.3: Molecular structures of the investigated merocyanines.

ations that define the 𝜋-conjugated backbone: D1A1, D1A2, D1A3, and D2A4 (See Figure A.3).
The following donor and acceptor groups were selected as representatives of a wide range of
MCs, and since experimental data are available for structure and excitation energies: D1=5-ethenyl
N,N-disubstituted thiophenamine, D2=(2Z)-butyl-ethylidene 2,3-dihydro-1,3-benzothiazole (’Fisc-
her base’), A1=2-[(5Z)-4-tert-butyl-5-ethylidene-1,3-thiazol-2-ylidene]propanedinitrile, A2=(3Z)-5-
benzyl-3-ethylidene-2-methyl-4,6-dioxocyclohex-1-ene-1-carbonitrile, A3=2-[(2Z)-2-ethylidene-3-
oxo-2,3-dihydro-1H-inden-1-yl]propanedinitrile, A4=2-(2-tert-butyl-6-methyl-4H-pyran-4-ylidene)
propanedinitrile.

First we discuss the influence of the DFA and the solvent effect on the structures of D1A1 and
D1A2 with an emphasis on the BLA.
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Geometry optimizations

The accurate description of the ground-state geometry of MCs is challenging for standard DFAs [242].
This is due to the presence of two resonance structures, representing a neutral and a zwitterionic
form, which require a careful description of static and dynamic correlation effects. Since geometry
optimization with more sophisticated methods is cumbersome for screening purposes, standard DFAs
have been nonetheless applied to calculate MC geometries. The BLA, as a simple measure of the
relative weights of the neutral and zwitterionic forms[208], has been used to assess the reliability
of the theoretical approaches. 𝑑𝐵𝐿𝐴 is defined as the difference between the average of single and
double bond lengths 𝑅

(
𝑑BLA =

∑𝑁
𝑖 (𝑅𝑖

single)/𝑁 − ∑𝑀
𝑗 (𝑅 𝑗

double)/𝑀
)

where 𝑁 and 𝑀 are the numbers
of single and double bonds, respectively. In general, the bonds connecting the donor and acceptor
units are used for BLA calculation, however, we consider the alternating single and double bonds
across the 𝜋-conjugated backbone of the molecules as suggested by Gildemeister et al.[242] (see
also Figure S1 in the Supporting Information). For the sample chromophores of our selection, we
compared the BLA as calculated with various DFAs in the gas phase with experimental data obtained
from X-ray diffraction (XRD) given in Table A.1.[239–242]

Table A.1: Mean absolute deviation (MAD) with respect to experimental structures of 𝑑𝐵𝐿𝐴 (Å) calculated in
the gas phase with various DFAs including PBE, 𝜔B97X, CAM-B3LYP, B3LYP, and B2PLYP with respect
to experimental XRD data. All calculations were performed with Grimme’s D3 dispersion correction and
def2-TZVP basis set.

Merocyanine PBE0 𝜔B97X CAM-B3LYP B3LYP B2PLYP XRD

D1A1 −0.024 −0.049 −0.039 −0.024 −0.024 −0.001𝑎

D1A2 −0.007 −0.024 −0.017 −0.008 −0.008 0.016𝑏

D1A3 −0.012 −0.026 −0.019 −0.027 −0.012 0.011𝑐

D2A4 0.047 0.071 0.062 0.048 0.048 0.047𝑑

MAD 0.018 0.037 0.029 0.022 0.018

𝑎:Reference[199]; 𝑏:Reference [239]; 𝑐:Reference[240]; 𝑑:Reference [241];

Among the considered DFAs, the dispersion-corrected double-hybrid functional B2PLYP-D3 and
PBE0-D3 provide best agreement with the experiment, also the global hybrid functional B3LYP-
D3 combined with def2-TZVP basis sets provide results reasonably close to the aforementioned
functionals. Nonetheless, both double hybrid and global hybrid functionals significantly underestimate
the experimental BLA and provide the wrong sign for D1A2 and D1A3. Possible reasons will be
discussed below.

Since UV-Vis absorption spectra are measured in solution, we focus on the effects of solvation on
the MC structure in the next section. Previously it was shown that these effects can be effectively
addressed using a polarizable continuum method (PCM), by considering highly polar solvents, such as
acetone and DMSO [212], or by using a constrained-DFT approach (CDFT) [242]. For this purpose,
we re-optimized the structures by applying the CPCM with the solvent acetone (in order to show
the solvent effect of a polar solvent) and the respective solvents as used in the UV-Vis experiments,
dichloromethane (DCM) for D1A1 and D1A3, 1,4-dioxane for D1A2, and dimethylsulfoxide (DMSO)
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for D2A4. The results are shown in Table A.2 and Figure A.4.

Table A.2: Mean absolute deviation (MAD) of 𝑑𝐵𝐿𝐴() calculated with B2PLYP-D3 and B3LYP-D3 for the MC
geometries as optimized in respective solvents.

Merocyanine Solvent B2PLYP-D3 B3LYP-D3

D1A1 Acetone 0.013 0.014
DCM 0.008 0.009

D1A2 Acetone 0.019 0.023
1,4-dioxane 0.002 0.003

D1A3 Acetone 0.010 0.013
DCM 0.008 0.010

D2A4 Acetone 0.025 0.022
DMSO 0.023 0.021

MAD Acetone 0.010 0.012

Figure A.4: Comparison of calculated and measured BLA of D1A1 and D1A2; black dotted lines: XRD [199],
red solid lines: B2PLYP (gas phase) and blue solid lines: B2PLYP/CPCM (acetone).

A.2.1 Solvent effects on Merocyanine Geometry
The solvatochromic shifts of merocyanine (MC) molecules have been extensively investigated, and
we here report that the shifts are dependent on the geometry, namely the BLA of the molecule. The
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solvent polarity changes the equilibrium between the neutral and zwitterionic states, shifting the
structure towards one of the two forms.

In a previous study, CDFT has been used to distinguish between the two electronic situations.[242]
Here we show that the effects of solvent polarity on the geometry of MCs are crucial. Solvent effects
steer the molecule’s behavior towards one of two extreme states of cyanine compounds: neutral or
zwitterionic. When optimizing the geometry of a merocyanine molecule in a polar solvent like acetone,
the BLA parameter’s sign changes. This shift reflects a transformation in the molecule’s arrangement
from a zwitterionic state (𝑑𝐵𝐿𝐴 < 0) to neutral form (𝑑𝐵𝐿𝐴 > 0) for MC’s D1A1, D1A2 and D1A3.
For the structures optimized in acetone, the MAD of the calculated BLA is significantly reduced
(from 0.018 to 0.010 for B2PLYP and 0.022 to 0.012 for B3LYP, Table A.2). MAD refers to the
average of the absolute deviations of the (𝑑𝐵𝐿𝐴) calculated using various density functionals from the
experimental XRD data. This indicates that the solvent approximates the electrostatic intermolecular
interactions in the bulk which affects the molecular structure. Agreement with the experimental
structures is slightly better with B2PLYP-D3 than with B3LYP-D3. Therefore, all subsequent electronic
and optical properties calculations were performed on the B2PLYP-D3 optimized structures.

The solvent effects on the excitation energy of MC D2A4 have been reported experimentally.[241]
Therefore, we calculated the geometry dependence of D2A4 on the polarity of the solvent (Figure
S3). In agreement with previous theoretical studies [203, 241, 242] there is a strong dependence of
the calculated BLA on the dielectric constant of the solvent. For comparison, we also computed the
first excitation energy of molecular crystals of D2A4. The calculation of the dielectric constant of the
merocyanine crystals involves computing the components of the dielectric tensor 𝜖𝑡𝑢, which can be
obtained from the polarizability tensor 𝛼𝑡𝑢components as per the equation:

𝜖𝑡𝑢 = 𝛿𝑡𝑢 +
𝛼𝑡𝑢

𝜀0𝑉

where 𝛿𝑡𝑢 is Kronecker’s delta, 𝜀0 is the permittivity of vacuum, and 𝑉 is the unit cell volume. The
term 𝛼𝑡𝑢/𝜀0𝑉 represents the first dielectric susceptibility 𝜒 (1)

𝑡𝑢 , which is proportional to the linear
coefficient of the derivative of the induced polarization vector 𝑃𝑡 (E), as given by the equation:

𝑃𝑡 (E) =
1
𝑉
[𝜇𝑡 (E) − 𝜇𝑡 (0)]

The dielectric constant is then obtained from the dielectric tensor by taking its trace and computing
it in the limit as the frequency (𝜔) approaches zero, as per the Time-Dependent Coupled Perturbed
(TD-CP) equations. This approach is implemented in the CRYSTAL software, which we used to
compute the dielectric constant of the merocyanine crystals.[233, 243]. The best agreement between
theoretical and experimental structure is obtained when the dielectric constant of the solvent is close
to that of the merocyanine crystal. We calculated the dielectric constant of the merocyanine crystals
using TDCP-B3LYP method and pob-TZVP-rev2 basis-set. This finding highlights the importance of
taking into account solvent effects not only in the calculation of the excited-state wavefunction, but
also on the MC geometry when studying the optoelectronic properties.

A.2.2 Method dependence of optoelectronic properties of D1A1

In the following, we assess the accuracy of various DFAs (PBE, PBE0, B3LYP, CAM-B3LYP, and
B2PLYP) for the calculation of electronic and optical properties of the MC D1A1. The highest
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occupied molecular orbital (HOMO) energy and the first singlet excitation energy 𝑆1 were considered.
While the HOMO energy can be accurately measured experimentally and is directly related to the
ionization potential, the experimental determination of the LUMO energy is more challenging and
often involves approximations.[244, 245] Therefore, we focused our analysis on the HOMO energy to
provide a more reliable assessment of the accuracy of the calculated electronic and optical properties.

Table A.3: Optoelectronic properties of D1A1: HOMO energy and singlet 𝑆0 − 𝑆1 vertical energy transition in
the gas phase in eV. All DFT calculations were performed using the def2/TZVP basis set, 𝐺6𝑊0 calculations
were performed on B3LYP wavefunctions obtained with cc-pVTZ basis sets. All TDDFT calculations were
performed on the geometries optimized with B2PLYP and B3LYP geometry was used for 𝐺6𝑊0 calculations.

Method PBE PBE0 B3LYP CAM-B3LYP B2PLYP 𝐺6𝑊0 Exp

HOMO (eV) −4.88 −5.65 −5.40 −6.64 −6.05 −6.59 −5.52𝑎

𝑆0 − 𝑆1 (gas phase) 2.75 2.87 2.84 2.92 2.46 2.05 —

𝑎:Reference [199]

The rung four global hybrid functionals PBE0 and B3LYP give a good account of the measured
HOMO energy with deviations of ∼0.1 eV (Table A.3). As expected, PBE provides a too-high
value due to the self-interaction error, while CAM-B3LYP strongly underestimates the experimental
reference value. We performed G𝑛W𝑛 calculations at different levels including G0W0, G6W0 and
G6W6, cc-pVDZ and cc-pVTZ basis sets, and found that the present results are converged in terms
of GW self-consistency, but not with the basis set size (Table S2 in SI).Due to the limitations of
our computer resources, it was not possible to employ cc-pVQZ basis sets. Surprisingly, the G6W0
HOMO energies, which should be the best representation of ionization potentials, are more than 1 eV
too low. At the moment we have no explanation for this discrepancy.

All TD-DFT methods strongly overestimate the vertical excitation energy, by 0.7-0.9 eV with respect
to the experimental 𝜆𝑚𝑎𝑥 energy (1.90 eV as measured in DCM).[199] We verified by a systematic
increase of the basis set size from def2-TZVP to def2-TZVPP and def2-QVZPP (see Table S1 in the
Supporting Information), that this is not a basis set incompleteness error. Such an overestimation
has been observed previously for similar systems.[246, 247] As we compare the computed vertical
excitation energy 𝑆1 of the investigated MCs to experimental absorption maxima, it can lead to an
overestimation of computed energies. In order to simulate the band shape and the origin of the
spectra accurately nuclear effects (e.g., vibronic effects and Wigner ground state sampling) can be
included.[248, 249] It is important to note that the neglect of vibronic effects in our calculations can
lead to a systematic error, i.e. ∼ 0.1eV in the predicted excitation energies as suggested by Fang et
al. [250] and Santoro et al.[248] MCs have been shown to exhibit large solvatochromic effects, with
both hypsochromic and bathochromic shifts measured.[241] The effect of structural changes due to
solvent effects will be discussed later. First, we consider the possibility that the discrepancies between
experiment and theory are due to the conformational flexibility of MCs, which requires sampling of
spectra for many configurations. Previous studies by Tirri et al., Georg et al. and Coutinho et al. report
improvements in the description of excitation spectra of merocyanines using Monte Carlo sampling of
molecular configurations.[207, 251, 252] We tested the conformational sampling tool CREST and
performed sampling of MC geometries in gas phase as well as solvent phase using iMTD-sMTD
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Figure A.5: Boltzmann weighted absorption spectra of 356 most stable D1A1 monomer conformations(top left)
and 197 most stable dimer configurations (bottom left) as obtained via CREST, calculated using TD-DFT at
B3LYP/def2-TZVP level. The experimental 𝜆𝑚𝑎𝑥 value is shown by the black vertical line at 1.9 eV.[199]. The
most stable conformers of D1A1 dimers in gas phase (top right) and DCM solvent (bottom right) are reported.

algorithm and GFN1-xTB Hamiltonian. A conformer study of D1A1 is reported in the next section.

Conformers of D1A1

In the neutral ground state, D1A1 has a planar 𝜋-conjugated backbone. However, the t-butyl groups are
rather flexible and free to rotate. Since the relative orientation of these groups may affect the optical
excitation spectrum in terms of band broadening and band shift,we calculated (at TD-DFT level) the
excitation energy of 356 most stable conformers of D1A1 obtained by CREST[137] (Figure A.5).
However, the broadening effect due to conformation sampling is quite small (∼0.04 eV in gas phase
and 0.10 eV in DCM solution). The TD-DFT 𝑆1 excitation energy ranges from 2.68 to 2.72 eV in the
gas phase and from 2.59 to 2.69 eV in the solvent (CPCM/DCM). These values suggest a systematic
error of ∼ 0.1eV in the computed excitation energies using TDDFT methods. However, these excitation
energies are well above 1.90 eV (𝜆𝑚𝑎𝑥) obtained from UV-Vis experiment.[199]

In the present study, we performed a comprehensive analysis by investigating both the monomeric
and dimeric forms of merocyanines and comparing them with the available experimental spectra.
This approach is crucial because it helps to understand the aggregation behavior of merocyanines in
solution. We also explored the possibility of red-shift in the excitation energy going from the MC
monomers to the dimers, all due to mutual polarization as suggested by Tirri et al.[207] We used the
iMTD-sMTD method as implemented in CREST to perform conformational sampling on two D1A1
molecules positioned side-by-side. In the gas phase, the D1A1 molecules form stacked antiparallel
dimers, whereas in dichloromethane they are oriented orthogonal to each other (Figure A.5). This
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shows the significant influence of the solvent on the structural characteristics of MCs. The excitation
energies of the 197 lowest-energy dimer configurations in gas phase and dichloromethane solvent are
shown in Figure A.5. In the dimer configuration, S1 energy varies based on the specific geometry
and electronic structure of the dimers. This is evident from the transitions observed around 1.5
eV, indicating that S1 can be active or dark depending on the dimer’s geometry. In the case of the
antiparallel configuration (H-like dimer stacking), the higher energy states (S2 and S3) gain oscillator
strength, while S1 becomes dark or weakly allowed. In monomer spectra, the weak peaks observed at
2.9-3.0 eV represent transitions to a higher excited state (𝑆2) of the molecule (see Figure A.5).

A.2.3 Excitation energies in gas-phase and in solution
We examined different levels of theory, including TD-DFT, GW-BSE, STEOM-DLPNO-CCSD, CAS-
SCF, and TDCP-DFT, in search of an efficient and accurate computational approach for characterizing
the first excitation energy of MCs. It has been shown before, that TD-DFT significantly overestimates
the excitation energies of merocyanines [203, 213], which was attributed to the lack of differential
correlation energy in DFT. Double-hybrid functionals (e.g. B2PLYP) do not fully alleviate this
problem, although they improve the description of excited states in general. [227, 253] The treatment
of electron correlation effects using coupled cluster (CC) theory,[254] or the Bethe-Salpeter approach
based on Green function with screened Coulomb interaction (GW-BSE) [157, 255, 256] approaches
provided accurate excitation energies, however at high computational cost.

In the case of the MC’s examined in this study, N_FOD values ranged from 0.5 to 0.7, indicative of
a single-reference character for describing the electronic structure of the ground state. We further used
the N_FOD analysis for active space determination in CASSCF/NEVPT2-FIC calculations. Active
spaces (12,12) are used for MC D1A1 and D1A3 and (4,4) for D1A2.

TD-DFT is computationally efficient and allows to take solvent effects into account via continuum
models such as CPCM. This is presently not possible with the more sophisticated methods. We
distinguished between two kinds of solvent effects: (I) excitation energy shifts for a given structure,
and (II) structural changes. Both solvent shifts (𝛿𝑆) were calculated with B2PLYP/def2-TZVP at
TDDFT level(Table A.4) and added to the GW-BSE, STEOM-DLPNO-CCSD, CASSCF/NEVPT2,
and TDCP-DFT gas-phase results (Table A.5) in Table A.6.

In the first series of calculations, we used the same geometries of the MCs in gas-phase and solvent
(effect I). Table A.5 shows the gas-phase results, in Table A.6 the 𝑆1 energies obtained for the B2PLYP
gas-phase structures are shifted by 𝛿𝑆 calculated with TD-B2PLYP.

Table A.4: 𝑆0-𝑆1 energies and solvent shift 𝛿𝑆 = 𝐸
𝑠𝑜𝑙
𝑒𝑥 − 𝐸𝑔𝑎𝑠

𝑒𝑥 (eV) for the selected MCs calculated using
B2PLYP/def2-TZVP and CPCM in ORCA. Fixed gas-phase geometries obtained with B2PLYP/def2-TZVP are
used.

Merocyanine Solvent gas phase solution 𝛿𝑆

D1A1 DCM 2.46 2.19 −0.27
D1A2 1,4-dioxane 2.93 2.66 −0.27
D1A3 DCM 2.59 2.27 −0.32
D2A4 DMSO 2.82 2.37 −0.45

53



Appendix A Theoretical Study on the Optoelectronic Properties of Merocyanine Dyes

By adding the solvent shifts, GW-BSE 𝑆1 results are considerably improved, the MAD decreases
from 0.34 eV to 0.09 eV. A similar trend is observed for TD-B2PLYP, however, the MAD is still
much larger, 0.25 eV. STEOM-DLPNO-CCSD and CASSCF/NEVPT2 (MAD=0.36 and 0.18 eV)
reproduce the experimental 𝑆1 energies more accurately without solvent shift (MAD=0.11 and 0.14
eV, respectively). We noted that the STEOM-DLPNO-CCSD and CASSCF/NEVPT2 calculations
give comparable results if a polar solvent-optimized geometry is considered for 𝑆0 − 𝑆1 computation.
The excitation energy so obtained are 1.73 and 2.04 eV respectively for MC D1A1 with the geometry
optimized using CPCM/Acetone. For the gas-phase optimized geometry of MCs, experimental
𝑆1 energies are efficiently and closely described with TDCP-DFT. The MAD is not significantly
changed after adding the solvent shifts (MAD=0.14 and 0.19 eV, respectively). The higher accuracy of
TDCP-DFT 𝑆1 energies compared to TD-DFT can be attributed to the better screening of electrons in
the hole for the extended-𝜋 delocalization of MCs. In the present case, TDCP-DFT is a more efficient
alternative to STEOM-DLPNO-CCSD and CASSCF/NEVPT2. Another advantage is that this method
can also be applied to periodic calculations of molecular crystals (see next section), which is at present
not possible with CCSD and CASSCF. GW-BSE calculations with VASP [vasp3, 128, 129] were not
successful, neither for the isolated molecules nor for molecular crystals, due to limitations of our
computational resources.

In the second step, we optimized the MC structures in the solution with B2PLYP (effect II). Since it
is known that the molecular geometries are significantly affected by solvent effects,[212] we optimized
the MC structures under conditions that are as close as possible to the experiment. For this purpose, we
employed toluene (𝜀 = 2.4) for D1A1, D1A2, D1A3 and chloroform (𝜀 = 4.9) for D2A4, respectively.
The dielectric constants of these solvents are close to those of the molecular crystals, obtained with
TDCP-DFT (see Table A.9). Indeed we obtained improved BLA compared to other solvents (see
Table A.2) in this way. BLA indirectly reflects the degree of 𝜋-electron delocalization in a conjugated
molecular system. Greater electron delocalization results in a more uniform molecular structure, such
as equalized bond lengths, leading to smaller BLA values. A more delocalized electronic structure,
however, is connected with a low energy gap between the occupied and unoccupied molecular orbitals
(typically the HOMO and LUMO), thus leading to low values of the excitation energies (see Fig A.6).
In this context, BLA can be associated with the electronic absorption spectrum of individual MC
molecules. MCs showing large values of BLA result in single-molecule absorption spectra blue-shifted
with respect to MCs with vanishing BLA. This confirms the high importance of the solvent effects on
MC structure, which in turn affects optoelectronic properties reported in Table A.7.

For a second series of excited-state calculations, we therefore, used the MC geometries obtained by
B2PLYP in the respective solvents of the solution experiments, DCM for D1A1 and D1A3, 1,4-dioxane
for D1A2, and DMSO for D2A4. After taking into account both the geometry change and the solvent
shift in solution, Tables A.7 and A.8, GW-BSE again outperforms all other methods (MAD = 0.05
and 0.07 eV, respectively). Also, TD-DFT results are further improved while TDCP-DFT excitation
energies are again not affected much.

A.2.4 Excitation energies in molecular crystals

We applied the TDCP-DFT method to calculate the excitation energy of merocyanines. For the
calculation of the MC crystal’s excitation energy and dielectric constant, the positions of hydrogen
atoms were optimized starting from the XRD data for the complete unit cell, and the optimized
unit cell structure was used for the TDCP-DFT calculations. For the gas phase calculations, the
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Table A.5: 𝑆0-𝑆1 energy (eV) for selected MCs calculated using TD-DFT (B2PLYP-D3), GW-BSE (B3LYP), STEOM-DLPNO-CCSD, CASSCF/NEVPT2,
TDCP-DFT. MAD (eV) for individual methods compared to the experimental excitation energy (B2PLYP geometry and excitation energy calculations
performed in gas phase.)

Merocyanine TD-DFT GW-BSE STEOM-DLPNO-CCSD CASSCF/NEVPT2-FIC TDCP-DFT Exp.

D1A1 2.46 2.05 1.87 2.03 1.90 1.90𝑎

D1A2 2.93 2.62 2.47 2.26 2.37 2.31𝑏

D1A3 2.59 2.37 2.01 2.38 2.31 2.15𝑐

D2A4 2.82 2.70 — — 2.48 2.15𝑑

MAD 0.57 0.34 0.11 0.14 0.14

𝑎: Reference [199], 𝑏: Reference [239], 𝑐: Reference [240], 𝑑: Reference [241]
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Table A.6: 𝑆0-𝑆1 energies (eV) after addition of the TD-DFT solvent shift 𝛿𝑆 for the same MCs and methods as in Table A.5; MAD for individual methods
with respect to the experimental excitation energy..

Merocyanine TD-DFT GW-BSE STEOM-DLPNO-CCSD CASSCF/NEVPT2-FIC TDCP-DFT Exp.

D1A1 2.19 1.79 1.60 1.76 1.63 1.90
D1A2 2.66 2.35 2.00 1.99 2.10 2.31
D1A3 2.27 2.05 1.69 2.06 1.99 2.15
D2A4 2.37 2.25 — — 2.03 2.15

MAD 0.25 0.09 0.36 0.18 0.19

56



A.2 Results and Discussion

Figure A.6: The BLA dependence of MC D2A4 on the HOMO-LUMO gap of the solution calculated at
B2PLYP/D3 level with def2-TZVP basis set. Actual values are represented by circles, solid line shows a linear
fit of the data points.

Table A.7: 𝑆0-𝑆1 energies (eV) obtained for MC structures optimized with the solvents that have similar dielectric
constant as the respective molecular crystal. The 𝑆1 energies are shifted by 𝛿𝑆 of Table A.4 and MAD is
calculated with respect to the experimental excitation energy.

Merocyanine Solvent𝑎 Solvent𝑏 TD-DFT GW-BSE TDCP-DFT Exp.

D1A1 Toluene DCM 2.16 1.83 1.52 1.90
D1A2 Toluene 1,4-dioxane 2.64 2.32 2.10 2.31
D1A3 Toluene DCM 2.29 2.05 2.01 2.15
D2A4 Chloroform DMSO 2.34 2.18 1.99 2.15

MAD 0.23 0.05 0.22

𝑎: Solvent used for geometry optimization, 𝑏: Solvent used in TDDFT for excitation energy calculation.
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Table A.8: 𝑆0-𝑆1 energies (eV) obtained for MC structures optimized with B2PLYP in the respective solvents
shifted by 𝛿𝑆 of Table A.4. MAD with respect to the experimental excitation energy.

Merocyanine Solvent TD-DFT GW-BSE TDCP-DFT Exp.

D1A1 DCM 2.10 1.75 1.43 1.90
D1A2 1,4-dioxane 2.64 2.32 2.10 2.31
D1A3 DCM 2.30 2.04 1.99 2.15
D2A4 DMSO 2.31 2.15 1.94 2.15

MAD 0.21 0.07 0.26

B2PLYP geometry of the molecules was used. The excitation energy of the MC is 0.1-0.3 eV lower
in the molecular crystals than in gas phase except for P1-D1A1. (Table A.9). The corresponding
crystal structures and crystallographic data are shown in Figure S5 and Table S3. Figure S4 shows
the calculated mean dynamical polarizability (MDP) of the two D1A1 molecular crystals along the
three crystallographic directions. The first and only observed absorption peak was detected in all
three crystallographic orientations at 1.89 eV. In Table A.9 we also report the difference in excitation
energy of two D1A1 polymorphs denoted as P1 (CCDC 2073437) and P2 (CCDC 2073438).[242]
The excitation energy of P1-D1A1 and P2-D1A1 differ by 0.04 and −0.09 eV, respectively, from the
excitation energy of gas phase D1A1 (dashed lines in Figure A.7). Since it is known that such shifts
are caused by intermolecular coupling of transition dipoles (the so-called J- and H-couplings) [52,
55], we inserted the transition dipole vectors (calculated for gas-phase D1A1 at PBE/D3/def2-TZVPP
level) in the unit cells. This representation of P1-D1A1 and P2-D1A1 suggests weak couplings in the
two polymorphs (see Figure S7 in the SI). Consequently, the shifts of the 𝑆1 peaks with respect to
isolated molecules are relatively small compared to ordered aggregates on surfaces. [55]

Table A.9: Dielectric constants and excitation energies (eV) of the molecular crystals calculated using TDCP-DFT
at B3LYP/pob-TZVP level

2*Merocyanine 2*Dielectric constant Excitation energy

Crystal Gas phase

P1-D1A1 2.69 1.93 1.89
P2-D1A1 2.69 1.80 1.89
D1A2 2.66 2.29 2.37
D1A3 3.12 2.04 2.31
D2A4 5.15 2.18 2.48
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H

Figure A.7: Energy dependence of the many-body polarizability tensor for two D1A1 polymorphs measured at
100K and room temperature (RT) computed using TDCP-B3LYP. The dynamical polarizabilities are represented
by diamonds, solid lines serve as guide to the eye. Red and blue dashed lines represent the optical gap of the
crystal structures at the respective temperatures.

A.3 Conclusions

We calculated the structural and optoelectronic properties of selected MCs with different donor
(D) and acceptor (A) chromophores for which experimental absorption spectra have been reported
earlier. Excitation energies were calculated with the TD-DFT, GW-BSE, STEOM-DLPNO-CCSD,
CASSCF/NEVPT2, and TDCP-DFT methods. Using the hybrid DFT functionals PBE0 and B3LYP,
the experimental ionization energy is best reproduced. Surprisingly, the G6W0 method gave too low
HOMO energies. However, for the calculation of the first excitation energy, GW-BSE was by far the
most accurate approach. The accuracy was further improved by taking into account the geometry
changes and solvent shifts in solution. TD-DFT methods overestimate the first excitation energy,
which was also observed in previous studies. The more sophisticated STEOM-DLPNO-CCSD and
CASSCF/NEVPT2 methods also provide accurate excitation energies but at much higher computational
cost. Furthermore, no systematic improvement was possible by adding the solvent shifts obtained
with TD-DFT. The TDCP-B3LYP method, which has been previously applied only for crystalline
semiconductors and insulating materials, was extended to organic molecules and molecular crystals. In
the gas phase, its accuracy is comparable to GW-BSE, STEOM-DLPNO-CCSD, CASSCF/NEVPT2,
but it can also not be systematically improved by TD-DFT solvent shifts. We observed a lowering of
the first excitation energy in the solids compared to the gas-phase molecule due to exciton coupling.
The excitation energy of MCs exhibits sensitivity to the crystal structure. However, in the solid state,
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the intermolecular coupling of transition dipoles is relatively weak, resulting in modest variations in
excitation energy.

A.4 Supporting Information
Supporting information includes BLA pathways of MC’s and comparative line graphs illustrating
bond length variations of different MCs using diverse functionals; Basis set dependence of 𝑆0 − 𝑆1
and HOMO energy for D1A1; BLA vs 𝜖 graph for D2A4; Polarizability tensors of MC D1A1 along
the three crystallographic axis are provided along with crystallographic Parameters and molecular
crystal structures of all MCs; Transitional dipole moment vectors of MC’s and representative image of
the crystal structures using dipole moment vectors.
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Figure B.1: Table of content graphic (ToC).

Abstract We recently published a study on the adsorption of the merocyanine (MC) HB238 (2-[5-
(5-dibutyl-amino-thiophene-2-yl-methylene)-4-tert-butyl-5H-thiazol-2-ylidene]-malononitrile) on the
Ag(100) surface using scanning tunneling microscopy (STM), spot profile analyzing low electron
diffraction (SPA-LEED), x-ray photoelectron spectroscopy (XPS) and ultraviolet photoelectron
spectroscopy (UPS) techniques[Kny et al., Nanoscale, 2023, 15, 10319]. We observed that HB238
self-organizes as a chiral tetramer upon adsorption. The adsorbate structure, denoted as 𝛼-phase, is
completely different from the known bulk structures of HB238. Whereas, the previous study was
mainly experimental, in the present study we focus on the results of quantum chemical calculations to
corroborate the previous experimental findings and interpret measured spectra in order to deepen the
understanding of the adsorption process. For this purpose, we first screened the full conformer space
of the HB238 molecule, particularly with respect to its flexible alkyl side chains which obtain several
degrees of freedom due to possible rotations along their single bonds. The most stable structures were
then used to determine the optimal orientations of HB238 on the Ag(100) surface and to compare to
the experimental 𝛼-phase structure.

We systematically generated various initial configurations of the HB238 monolayer on a three-layer
Ag slab model. For the most stable adsorption model, STM images, partial density of states (PDOS),
x-ray absorption spectra (XAS) and adsorption height profiles were calculated and compared with
the previous experimental results. Our observations reveal a significant alteration in the HB238
conformation upon adsorption, with monolayers forming through stabilization mainly by electrostatic
and dispersion interactions with the Ag(100) surface.

B.1 Introduction

Organic electronics have emerged as a promising research topic, presenting new opportunities for
advancements in technologies such as organic photodetectors and organic field-effect transistors
(OFETs).[30, 31, 44] The study of the electronic and optical properties of organic molecules adsorbed
on metal surfaces is of high importance in the field of molecular electronics and optoelectronics.[31,
82] Merocyanines (MC) are interesting molecules for optoelectronic applications as they feature
electron donor (D) and acceptor (A) groups interconnected by a conjugated methine bridge. The D-A
charge transfer leads to large dipole moments and high oscillator strengths.[45, 206] These properties
contribute to high absorption coefficients and adjustable optical and electronic traits, making this
class of molecules potential candidates for optoelectronic applications.[49] MCs have a non-planar
structure, low symmetry, and possess side-groups that are non-rigid and structurally flexible. This
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makes it initially counterintuitive to consider MCs as candidates for forming ordered structures on
surfaces. Yet, scanning tunneling microscopy (STM) studies on MC layers deposited in vacuum have
uncovered intriguing characteristics, such as the formation of dimers or tetramers.[82, 257, 258] The
Ag(100) surface was chosen here due to its high symmetry and moderate chemical reactivity.

The adsorption of the MC dye on the surface is expected to lead to changes in the electronic and
optical properties of both molecule and surface. In addition, the formation of ordered structures can
significantly impact the overall properties of the adsorbate.[55]

Despite its importance, theoretical investigations of MC monolayers at substrate interfaces remain
scarce.[81, 259] Owing to their complex, flexible structure, and low symmetry, MCs present challenges
for the theoretical modeling of ordered structures on surfaces. Recently, an experimental study was
conducted by Kny et al. [82], focusing on the adsorption and ordering of the MC HB238 (2-[5-(5-
dibutyl-amino-thiophene-2-yl-methylene)-4-tert-butyl-5H-thiazol-2-ylidene]-malononitrile) on the
Ag(100) surface using STM, SPA-LEED, UPS and XPS. To complement these experimental findings,
our present study focuses on the theoretical understanding of the HB238 interaction and the Ag surface.
Specifically, the present investigation aimed to clarify the chemical bonding of the HB238 molecule to
the Ag(100) substrate, to deduce the changes in the electronic states due to interfacial bonding and to
explain the monolayer formation based on interfacial and intermolecular bonding.

A significant aspect of our study is the application of density functional theory (DFT) calculations
to explore the electronic structure, intermolecular interactions, and adsorption interactions of HB238
on the Ag surface. This approach contrasts with previous studies that have primarily employed
molecular mechanics (MM) calculations for surface interaction with the NaCl surface.[260] Although
MM provides a suitable approximation scheme for a larger application field with less computational
demand, it does not replace the rigor of ab initio quantum mechanical approaches such as DFT which
are required for adsorption on metal surfaces.

We compare calculated adsorption structures, STM images, PDOS, and XAS with the experimental
data to aid in the interpretation of the measured spectra, thereby providing a deeper analysis of the
interaction between HB238 and the Ag(100) surface.

B.2 Computational methods

Prior to the investigation of adsorption structures of HB238 on Ag(100), we performed a conformer
search of the molecule in gas phase using the conformer rotamer ensemble sampling tool (CREST) as
shown in Figure B.2. CREST identified 356 stable conformers, and the geometries of these conformers
were optimized at the PBE/D3 level using ORCA.[137, 229] A selection of stable conformers was
used for subsequent adsorption calculations.

For the single-molecule adsorption on Ag(100), we initially performed a semi-empirical pre-
optimization using the GFN1-xTB method.[134] All semi-empirical calculations were carried out
using DFTB+.[261] The final structure optimizations were then conducted using the VASP (version
6.3.2) plane-wave DFT code, employing the PBE/D3 functional.[128, 129, 132, 220] For optimization,
we employed the standard PAW sets provided by the potcar-PBE.5.4 suite.[125, 262] The key
computational parameters included an energy cutoff of 400 eV, the VeryFast electronic optimization
algorithm, and a Gaussian smearing (ISMEAR=2) with 𝜎 =0.2 eV. A k-point grid of (1x1x1) was used
with the Γ-point approximation, and automated real-space projection settings (LREAL=Auto) were
applied to balance computational efficiency with the precision required for studying complex surface
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Figure B.2: A workflow of the simulation process for the adsorption of a single HB238 molecule adsorbed on
the Ag(100) surface.

phenomena. The surface model was based on a three-layer Ag(100) slab, where the bottom two layers
were fixed, and the topmost layer was allowed to relax. The convergence test calculations are given in
Table S1 and S2 in SI. The supercell was separated by a vacuum distance of approximately 20 .

Starting from the optimized gas-phase conformers, monolayer models of HB238 were constructed.
Experimentally, the -phase of HB238 is known to form a commensurate structure with four symmetry-
equivalent domains. The experimental unit cell parameters were 𝑎 = 23.30Å, 𝑏 = 24.69Å, and
𝛾 = 103.43◦ in the P211 slab group.[82] The PBE/D3-optimized unit cell parameters were used to
model the adsorption of HB238 on the Ag(100) surface. The transformation matrix for the primitive
Ag(100) unit cell is given by

( ®𝑎, ®𝑏) =
(
1 −8
8 3

) (
®𝑎1
®𝑏1

)
(B.1)

where ®𝑎1 and ®𝑏1 correspond to Ag(100) lattice vectors of 2.89 (experimental) and 2.88 (calculated).
The monolayer models were initially screened using GFN1-xTB optimization, and the resulting stable
structures were further optimized with VASP (PBE/D3) using the PreconLBFGS optimizer. The
azimuthal orientation of the four HB238 molecules in the unit cell was systematically varied while
maintaining fourfold symmetry. The individual HB238 molecules were placed at (0,0,h), (0,-0.5b,h),
(-0.5a,0,h), and (-0.5a,-0.5b,h) positions in the monoclinic unit cell, where h is the initial height above
the surface, here 2.5 . Due to the high flexibility of the molecules, the PreconLBFGS optimizer
significantly reduced the number of optimization steps required to reach convergence and, in all
investigated cases, led to more stable local minima (see Figure S2). The present example thus displays
a case where the use of a highly efficient optimizer is mandatory, differently to earlier studies on
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smaller unit cells of 𝜋-conjugated molecules on surfaces.[263]
The adsorption energies 𝐸𝑎𝑑𝑠 per molecule are calculated as

𝐸𝑎𝑑𝑠 =

(
𝐸
𝑜𝑝𝑡

Ag:HB238tetramer − 𝐸
𝑜𝑝𝑡

Ag − 4𝐸𝑜𝑝𝑡

HB238

)
/4 (B.2)

where 𝐸𝑜𝑝𝑡

Ag:HB238tetramer represents the energy of the HB238 tetramer adsorbed on Ag(100), 𝐸𝑜𝑝𝑡

Ag
and 𝐸𝑜𝑝𝑡

HB238 are the energies of the pristine Ag(100) slab and isolated HB238 molecule(most stable
conformer) optimized at PBE/D3 level, respectively.

The intermolecular interaction energy 𝐸𝑖𝑛𝑡 is calculated as

𝐸𝑖𝑛𝑡 =

(
𝐸
𝑠𝑝

HB238tetramer −
∑︁

𝐸
𝑠𝑝

HB238

)
/4 (B.3)

where 𝐸 𝑠𝑝

HB238tetramer and 𝐸
𝑠𝑝

HB238 represent the single-point energies of the HB238 monolayer in
adsorption model and the HB238 molecule in gas phase with adsorbate structure, respectively,
calculated independently at the PBE/D3 level. The reorganization energy 𝐸𝑟𝑒𝑜𝑟𝑔 is calculated as the
difference between the molecular energies in the adsorption structure and in optimized gas-phase
structure. It is a measure of the destabilization of molecule due to geometry changes upon adsorption.

B.3 Results and Discussion

B.3.1 Single molecule adsorption

The adsorption geometry of a single HB238 molecule on the Ag(100) surface was investigated
using a stepwise approach. Initially, conformer sampling of HB238 molecules in the gas phase was
performed using CREST identifying the most stable conformer (see Figure B.3). In this structure,
the CN groups and the methylene group are part of the 𝜋-conjugated backbone and lie within the
same plane, the n-butyl groups form a zigzag arrangement, with the connecting methylene (CH2)
group lying in the same plane as the 𝜋-conjugated system. One CH3 group of the tert-butyl group is
in the molecular plane and the other two are positioned symmetrically above and below following
the tetrahedral bonding arrangement. This conformer was placed 2 Å above the top Ag layer on the
Ag(100) supercell (eqn. 1), in various orientations including face-on, side-on and edge-on as shown
in Figure B.4. Geometry optimization of each initial structure was performed using the GFN1-xTB
[134] Hamiltonian in DFTB+[261]. Further refinement was performed with PBE-D3 as described
above. The resulting minimum energy configuration corresponds to a face-on adsorption of HB238 on
the Ag(100) surface which also gives the largest footprint of the molecule. This adsorption geometry
indicates a strong interaction between the HB238 molecule and Ag surface, with the molecular plane
parallel to the surface, as observed experimentally for the 𝛼-phase [82].

The single-molecule adsorption study was expanded by considering a series of different conformers
to investigate the influence of the adsorbate’s initial geometry on the adsorption process and its
interactions. This investigation involved the utilization of 50 distinct and most stable conformers from
the 356 structures obtained with CREST, each placed in random orientations upon Ag the surface.
Each configuration was within an energy range of 0.4 eV compared to the most stable structure.
Subsequent optimization of these systems was conducted using DFTB+ at the GFN1-xTB level of
theory. We observed that all selected conformers achieved a face-on adsorption orientation on the Ag
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a) b)

Figure B.3: a) PBE/D3 optimized structure of the most stable HB238 conformer in gas phase obtained using
CREST. The C, H, S and N atoms are represented using grey, white, yellow and blue spheres, respectively; the
nBu and tBu groups are marked with grey circles. b) The valence structure of HB238. The red and blue colors
indicate the donor and acceptor group, respectively.

substrate as a minimum structure. The face-on configurations were characterized by the 𝜋-conjugated
backbone of the HB238 molecule being almost parallel to the surface. The minor variations in the
adsorption energy (≈ 0.01 eV) with respect to the most stable conformer of these systems can largely
be attributed to the influence of the flexible n-butyl groups on the surface (See Figure S1).

Further, we focused on differentiating the energy and structural variations in the adsorption modes
of the HB238 molecule on the surface. This involved reorienting the HB238 molecule in different
adsorption modes as depicted in Figure B.4. The most stable gas phase structure of HB238, determined
through CREST and subsequent DFT calculations (PBE/D3), was positioned in various orientations
on the surface: face-on, side-on, and edge-on. Additionally, we introduced variations by rotating the
HB238 molecule by 180

◦
in each of these configurations. This approach was designed to provide an

understanding of how different orientations of the HB238 molecule affect its adsorption characteristics
and energetics on the surface. The side-on and edge-on orientations are less stable than face-on
orientation by 1.63 ± 0.02 eV and 2.06 ± 0.41 eV, as defined in Figure 2a) respectively.

B.3.2 Adsorption models for the monolayer

In the first set of structure optimizations, the monolayer adsorption models maintained a consistent
initial orientation of HB238 molecules, guided by a structure model of HB238 tetramers derived from
experimental data by Kny et al. [82]. This predicted 𝛼-phase structure places four tert-butyl groups
in close proximity, resulting in the distinct STM contrast that is explained in the subsequent section.
We introduce variations in the HB238 conformations within this model, obtained through CREST
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E    =-1.46 eV adsa) b) c)
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E    =-1.44 eV adsE    =-3.07 eV ads d) e)
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E    =-1.43 eV adsE    =-1.02 eV ads

Figure B.4: A single HB238 molecule adsorbed on the Ag(100) surface in various orientations (side view).
a) Face-on orientation, where the molecular plane lies parallel to the surface. b, c) Side-on orientation and
edge-on orientation, with the molecular plane perpendicular to the surface plane along the 𝑥 and 𝑦 direction,
respectively as defined in Figure B.3 a.

calculations. Since the adsorption energy of the conformer is not directly correlated to its stability in
gas phase, all 356 most stable conformers were incorporated into this monolayer model and relaxed,
to identify the energetically stable monolayer configuration. The relative adsorption energies of all
stable HB238 monolayer structures are shown in Figure S3 with reference to the absorption energy of
the most stable structure, i.e. -3.51 eV. We identified the conformer which resulted in the most stable
monolayer configuration upon adsorption. The conformer which is ranked as the most stable structure
by CREST features a planar 𝜋-conjugated backbone with n-butyl group arranged in a compact fashion
(Figure S4). The n-butyl groups do not significantly disrupt the planarity of the molecule.

In the starting geometry, the monolayer models have the following characteristics: The adsorption
positions of the four molecules in the stable monolayers are obtained by rotations around the molecule’s
center of mass from 0◦ to 355◦ in steps of 5◦(See Figure B.5) and have P1 slab group symmetry.

We investigate these structural features using electronic structure and charge density calculations in
the next sections.

The adsorption energy of the HB238 conformer with respect to the angular rotation (25◦) is shown
in Figure B.5. The most stable monolayer adsorption structure obtained in this way is denoted as
model A (see Figure B.6). The variations in adsorption energies can be attributed to the interplay
of various factors, such as electrostatic and dispersion interactions between HB238 and Ag(100),
molecular reorganization, and intermolecular interaction between the HB238 molecules.

The calculated adsorption energies of −3.51 eV/molecule for the monolayer (model A) and −3.07
eV for the single HB238 molecule adsorbed on Ag surface indicate attractive interaction between the
HB238 molecules in the monolayer by hydrogen bonding, dispersion and electrostatic interaction. For
comparison, a much smaller adsorption energy of a thiophene molecule on the Ag(111) surface has
previously been reported, -0.75 eV.[263] The 𝐸𝑖𝑛𝑡 and 𝐸𝑟𝑒𝑜𝑟𝑔 for Model A are -2.28 eV and 0.94 eV,
respectively. The electrostatic contribution to the interaction energy is -0.96 eV and is dominated by
the Ag-N interaction amounting to -0.88 eV. The electrostatic interaction of the HB238 molecules
with the surface was calculated in the monopole approximation. The atomic charges were calculated
using DDEC6 atomic population analysis in CHARGEMOL (Table of charges in SI).[264] The lateral
stabilization can mainly be attributed to the intramolecular C-H· · ·N hydrogen bonding( see Figure
S5). The average C-H· · ·N bond length is 3.2 Å, corresponding to the cusp of moderate and weak
hydrogen bonding.[265] The lateral interactions stabilize the adsorption of the monolayer, however,
a major contribution to the adsorption energy comes from the molecule to surface interaction. The
reorganization energy is small indicating that a slight structure rearrangement is possible and therefore
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a) b)

Figure B.5: a)Schematic picture of the simultaneous rotation of 4 HB238 molecules along the azimuthal angle
defined with respect to the initial orientation obtained from CREST as in Figure B.3 a, around their respective
center of mass. b)The variation of adsorption energy (in eV) of HB238 monolayers with respect to azimuthal
angular variation (in degrees), indicating the energy landscape experienced by the rotating molecules. The
adsorption energy of the monolayer is calculated upon simultaneous rotation of four molecules in the supercell.
The red line represents the average adsorption energy of HB238 molecule in monolayer model A (25◦ rotation).

the azimithual orientations between 25 and 40◦ have similar stability (Figure B.5 b). Similar adsorption
energies are obtained for angles between 205 and 240◦, due to the symmetry of the Ag(100) surface.
We also varied other arrangements of HB238 molecules to test different parallel and anti-parallel
orientations the HB238 dipole vectors (See Figure B.7 ). The three structures, denoted as B, C and
D, are less stable than model A and differ in adsorption energy by 1.1, 1.2 and 0.3 eV per HB238,
respectively (See Table B.1. The structure C in Figure B.7 is 0.3 eV less stable than Abut fails to
explain the orbital features observed in experiment by Kny et al.[82]

B.3.3 Scanning Tunneling Microscopy images

We calculated the STM images using the Tersoff-Hamann approximation in VASP.[175] Calculated
STM images were rendered using the postprocessing script STM-2Dscan.py.[266] The energy range
(EINT) for the calculation performed on the most stable adsorbate structure of model A was set from
-0.3 to 0 eV with respect to Fermi energy, and the tip position was fixed at a distance of 9.5 Å from the
surface. The experimental STM image was acquired at 300 K with a bias voltage (U𝑏𝑖𝑎𝑠) of -0.3 V
and a tunneling current (I𝑡 ) of 0.05 nA.

The calculated STM image captures the essential features of the experimental image, demonstrating
that the bright spots originate from the tert-butyl groups and since little to no tunneling contrast is
observed around the carbonitrile ends, the black adjacent spots arise from the empty space between
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Figure B.6: The most stable adsorption model A of a HB238 monolayer adsorbed on Ag(100) optimized using
PBE/D3 (𝐸𝑎𝑑𝑠 = -3.51 eV). The positions of the tert-butyl groups are marked by red circles.

B C DA

Figure B.7: Different tetrameric structures of HB238 where the dipole vectors are placed in parallel and
anti-parallel fashion, optimized using preconLBGFS at PBE/D3 level. Red lines indicate the transition dipole
vector of the HB238 molecule calculated in gas phase which serves as a visual guide for the HB238 orientations.
[163]
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Table B.1: The calculated adsorption energy (𝐸ads), reorganization energy (𝐸reorg), intermolecular interaction
energy (𝐸int), intermolecular electrostatic interaction energy (𝐸elec

int ), surface-molecule electrostatic interaction
energy (𝐸elec), and dispersion energy (𝐸disp) in eV for HB238 monolayer adsorption models A, B, C, and D on
Ag(100) surface (See Figure B.7).

Adsorption Model A B C D

𝐸ads -3.51 -3.10 -3.19 -3.23
𝐸reorg 0.78 0.96 1.00 0.73
𝐸int -0.81 -0.01 -0.08 -0.74
𝐸elec -0.23 -0.18 -0.13 -0.16
𝐸disp -2.78 -2.55 -2.60 -2.47

the HB238 molecules and carbonitrile groups (see Figure B.8).
Further analysis of the STM images reveals several similarities and differences between the

theoretical and experimental structural model. A significant observation is that the carbonitrile
groups of diagonally opposite HB238 molecules are positioned closer together than anticipated in
the experimental model, contributing to the black contrast observed in the STM image (as shown in
Figure B.8c).

50 Å 50 Å

c)

a) b)

d)

Figure B.8: Comparison of a) Experimental STM image of the 𝛼-phase (T = 300 K, U𝑏𝑖𝑎𝑠 = 3.0 V; I𝑡 = 0.05
nA) adapted with permission from ref [4]. Copyright 2023 Royal Society of Chemistry; b) Calculated STM
images (EINT = -0.3 to 0 eV, Tip position = 9.5 Å) for model A. ; c, d) Calculated STM images of a single
adsorbed molecule and monolayer adsorbed on Ag surface superimposed on the hardsphere model of HB238
molecule and monolayer, respectively. The H atoms in d) are removed for clarity and distances are given by a
scale bar. Calculated STM images were rendered using STM-2Dscan.py.[266]
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B.3.4 Adsorption Height and Charge Density Analysis
We determined the adsorption height of the HB238 monolayer on the Ag surface by calculating the
averaged vertical distance between the S atoms of HB238 and the Ag surface (Figure B.9). The
adsorption height analysis was performed on the most energetically stable monolayer structure (model
A) described above and the average adsorption height is given in Table B.2. The overall average
adsorption height was determined to be 2.84 Å for the isolated molecule and 2.99 Å for the monolayer.
The distance between the S atoms of HB238 and the Ag surface in both cases is less than the sum
of their van der waals radii (3.52 Å) which implies covalent interactions, contributing to the overall
stability of the monolayer.

Table B.2: The average heights of the acceptor and donor sulfur atoms adsorbed on the Ag surface (Å). Heights
are measured with respect to the average Ag(100) surface plane.

Models Average Adsorption Height

Donor S Acceptor S

Single molecule (PBE/D3) 2.90 2.78
Monolayer (PBE/D3) 3.09 2.88

For a single HB238 molecule adsorbed on the Ag(100) surface (PBE/D3), the donor S atom is
slightly higher (2.90 Å) than the acceptor S atom (2.78 Å). When considering the monolayer (PBE/D3),
the average heights increase to 3.09 Å (donor) and 2.88 Å (acceptor). These variations in height can
be attributed to the weakening of the molecule surface interactions due to intermolecular interactions
between neighboring HB238 molecules and surface atoms. The interaction also leads to a slight
rumpling (variation of the vertical position of topmost Ag atoms) of the surface by ≈ 0.2 Å. In the
adsorbed state, S atoms are not positioned directly above Ag atoms, but with an angular deviation. This
deviation varies between 8 and 28 degrees from the perfectly aligned atop placement (See Figure B.9
b). The average distance between S atoms within the molecule in single molecule and monolayer is
3.02 and 3.10 Å, respectively.

We performed the molecular charge analysis using DDEC6 population analysis in CHAR-
GEMOL.[264] The resulting atomic charges are shown in Figure S6 (full Table in SI). The atomic
charges range from -0.42 to -0.28 e. Notable charge accumulation can be observed on the C atoms
of the tert-butyl groups which is in accordance with the observation of brighter lobes in the STM
experiments (see Figure B.10). This is also observed for the gas phase molecule and is therefore not
induced by adsorption. A slight depletion of the atomic charges for the S atoms is observed upon
adsorption. The average atomic S charge in gas phase molecule and monolayer model A are 0.03 and
0.07 erespectively (See Table S3 and S4 in SI).

In the charge density difference (CDD) plot, we observe a clear and distinct distribution of
charge depletion and charge accumulation over the entire HB238 monolayer on the Ag(100) surface
(Figure B.11). The charge redistribution patterns suggest that the adsorption of the HB238 monolayer
involves substantial changes in electron density and site-specific bonding interactions are present
between the HB238 monolayer and the Ag surface. The charge depletion around the hydrogen (H)
atoms is closer to the surface, indicating possible involvement in bonding interactions with the Ag
surface. Concurrently, the attached carbon atoms exhibit an increased electron density upon adsorption.
Additionally, a notable density redistribution was observed around the sulfur (S) atoms and the nitrogen
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Figure B.9: a) HB238 monolayer adsorbed on the Ag(100) surface (side view of model A). The molecular
structure of the monolayer is presented, showing the bonding between the donor or acceptor S atoms (represented
as yellow and green spheres) of HB238 and the Ag atoms (depicted as silver spheres) of the surface. The radii
of S atoms have been increased to 2 Å for better visibility. b) Representative picture of the vertical and actual
S-Ag distance in monolayer shown using dotted and slanted black lines, respectively. The angle 𝜃 represents the
deviation from S-Ag atop adsorption positions.

(N) atoms of the cyano group, implying the presence of strong polarization around these atoms. This
polarization will further stabilize the monolayer on the surface beyond the simplified point charge
interaction.

B.3.5 Projected Density of States

In order to employ a less empirical theoretical approach compared to the commonly used DFT+U
approximation [268], we calculated the PDOS of adsorbed HB238 using various hybrid functionals
including HSE06 [269], B3LYP[146, 222, 223] and r2SCANh[r2scan](with 10% Fock exchange).
Hybrid functionals are preferable over GGA functionals to calculate the electronic structures of
molecules and condensed phases. The inherent self interaction error of GGA is diminished by the
inclusion of Fock exchange in the corresponding exchange functional. In these electronic structure
calculations, we applied a 450 eV cutoff energy and 1 × 1 × 1 Monkhorst-Pack. A comparison of the
PDOS obtained with PBE+U, HSE06, B3LYP and r2SCANh is given in Figure B.12. We tested the
convergence of calculated PDOS using higher cutoffs and different Projector augmented wave (PAW)
potentials with B3LYP, but this does not have significant effects on the results. The experimental
highest occupied molecular orbital (HOMO) and next HOMO (HOMO-1) energies for the HB238
monolayer model A are -1.77 eV and -2.71 eV, respectively.[82] The hybrid functionals improve the
description of the HOMO energy with respect to the experimental UPS compared to conventional PBE
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Figure B.10: Atomic charge distribution plot of one HB238 molecule adsorbed on the Ag(100) calculated using
DDEC6 population analysis using CHARGEMOL.[264] All charges are in atomic units.

Figure B.11: Charge density difference (CDD) plot of HB238 monolayer on Ag(100) surface revealing the
changes in electronic charge resulting from the adsorption process. Green regions indicate charge depletion,
while red areas represent charge accumulation. CDD was calculated at r2SCANh level and plots were drawn
with VESTA at an isovalue of 0.001 electrons/au3.[267]
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+U (see Table B.3). B3LYP results have an average difference of 0.28 eV, while HSE06 and r2SCANh
have much smaller differences of 0.04 eV and 0.03 eV, respectively. For the HOMO-1 energy level,
the discrepancies are 0.55 eV for B3LYP, 0.32 eV for HSE06, and 0.19 eV for r2SCANh. Therefore,
we recommend to employ the meta-GGA hybrid functional r2SCANh for the calculation of electronic
levels even for adsorption on metallic surfaces which is usually considered the domain of GGA.
However, it has to be noted that the hybrid calculations are extremely demanding with VASP. They are
feasible only on modern GPU architectures. The HOMO and LUMO energies for gas phase molecule
are -3.41 eV and -2.05 eV, respectively calculated with respect to the vacuum energies. Both orbitals
shift to lower energy levels upon adsorption (See Figure S9). We visualized the molecular orbitals
using of the monolayer and gas phase molecule at r2SCANh level using wannier90.[270] Lowest
unoccupied molecular orbital (LUMO) and HOMO are mainly located on two diagonally opposite
HB238 molecules in the monolayer configuration (See Figure B.13). The observed asymmetry in
Figures 10 and 12 compared to the STM image (Figure 7a) arises from the C2 symmetry of the
adsorbed monolayer (also observed experimentally by Kny et al. [82], whereas the four bright lobes in
the STM image result from the tert-butyl groups being positioned closer to the STM tip, enhancing
their apparent intensity. Only with r2SCANh we observe an additional molecular orbital close to
Fermi level which corresponds to the LUMO (see Figure B.12). By comparison to the applied voltage
in the STM experiment, we conclude that the observed contrasts are mainly due to this orbital. Since
the orbital energy is below the Fermi level, this indicates a charge transfer from surface to HB238, as
already seen from the CDD in Figure 10. This charge transfer further stabilizes the adsorbate structure.

Table B.3: Calculated HOMO and HOMO-1 energy levels (eV) of the HB238 monolayer adsorbed on the
Ag(100) surface. Orbital energies were calculated relative the fermi level.

Method HOMO HOMO-1

PBE + U(4.5eV) -1.35 -2.41
B3LYP -2.05 -3.26
HSE06 -1.81 -3.03
r2SCANh -1.80 -2.90
Exp (UPS)[82] -1.77 -2.71

B.3.6 X-ray absorption spectra
We compared calculated X-ray absorption spectra (XAS) and experimental XPS results because the
calculation of XPS is presently not implemented in VASP. XAS corresponds to the excitation of core
electrons to valence states, while XPS measures the binding energies of core electrons with respect to
the Fermi level. Therefore, the absolute positions of the peaks are not comparable, and we focus on
the relative positions of selected peaks. Here, we selected the S 2p states since their positions are
sensitive to intramolecular charge transfer between the donor and the acceptor units of HB238, and
between the Ag surface and the molecule. The calculations were performed using PBE/D3 with the
standard PAW potentials, an energy cutoff of 400 eV, and a 2 × 2 × 1 Monkhorst-Pack Grid.

A comparison of the calculated XAS spectra for the monolayer adsorbed on Ag and bulk HB238
(representing multilayers of HB238) reveals distinct differences in the S 2p orbitals. The crystallo-
graphic information for the HB238 bulk (CCDC 2073438) is shown in Table S5. In contrast, for

74



B.4 Conclusions

Figure B.12: Projected density of states plot for the Ag surface calculated using PBE +U(4.5eV) (light blue line),
and monolayer of HB238 molecules adsorbed on an Ag(100) surface calculated using: PBE+U (orange), HSE06
(purple), B3LYP (green) and r2SCANh (yellow). The experimental peaks for HOMO and HOMO-1 energies as
seen in the UPS data [82] are indicated by the bold solid black lines. The calculated HOMO, HOMO-1 and
LUMO using r2SCANh are indicated with blue straight lines.

the HB238 bulk configuration, the XAS peaks of the donor and acceptor S are present at 160.6 and
160.2 eV, respectively, with a larger energy difference of 0.4 eV, reflecting more distinct electronic
environments for the sulfur atoms within the bulk structure (See Figure D.10 a). In the monolayer, the
calculated maxima of XA spectra of the donor and acceptor sulfur atoms are at 158.8 and 158.5 eV,
respectively (See Figure D.10 b). The signals are very close in energy, with a small energy difference
of 0.25 eV and a significant overlap. This indicates more equilibrated charge states among the sulfur
atoms, likely due to the interaction with the Ag surface. This is slightly different from experiments,
where the donor and acceptor S2p peaks coincide for the monolayer structure.[82] However, the trends
that these peaks are closer in energy compared to the bulk coincide and hint to surface-mediated
charge transfer from donor to acceptor units.

B.4 Conclusions

A theoretical investigation was performed for the monolayer adsorption and characterization of
HB238 merocyanine on the Ag(100) surface. In agreement with previous experimental structure
determinations, we identified a face-on adsorption configuration with the molecular plane parallel
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LUMO HOMO

Figure B.13: Visualization of the LUMO (left) and HOMO (right) orbitals of HB238 monolayers on Ag(100)
and gas phase HB238 molecule, calculated using r2SCANh method. The positive and negative orbital lobes are
shown in red and blue color, respectively.

to the surface as the minimum structure. Although the HB238 structure is considerably changed
upon adsorption, the energetic destabilization is relatively small due to the high flexibility of the
molecule. The monolayer is stabilized by electrostatic, polarization and dispersion interactions
between the HB238 molecules and the surface, and hydrogen bonds between the molecules leading to
an arrangement that is different from the bulk structure. The calculated adsorption height analysis
revealed that the donor sulfur atom of HB238 is positioned at approximately 3.09 Å above the Ag
surface, while the acceptor sulfur atom is closer, positioned at 2.88 Å. The calculated PDOS was
compared to experimental UPS results, and the meta-GGA hybrid function r2SCANh shows a good
correlation between the calculated and experimental electronic structures. The theoretical results
indicate that the bright features of STM are due to the partly filled LUMO of the adsorbed HB238.
The calculated and measured STM images are very similar indicating that the global minima search
was successful and describes the experimental adsorbate structure. Furthermore, the calculated XAS
spectra and CDD plot indicate that the donor and acceptor sulfur atoms equilibrate their net charge
upon adsorption, and this charge redistribution is mediated by interactions with the Ag surface.

B.5 Supporting Information

Supporting Information (SI) Includes: Ag layer convergence tests, adsorption energy profiles of
HB238 conformers on Ag(100), crystallographic parameters of the HB238 bulk structure, and relative
energy profiles from VASP (CG method) and ASE (PreconLBFGS algorithm). Hydrogen bonding
interactions in the HB238 monolayer, atomic charge distributions in the gas phase and adsorbed states,
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Figure B.14: Calculated X-ray absorption spectra for a) HB238 bulk crystal structure, and b) the monolayer
adsorbed on Ag(100), model A. The images, c and d) represent the bulk and adsorption complex of HB238
where the donor and acceptor S atoms are visualized using orange and green color, respectively.
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Appendix B Modelling the monolayer formation of Merocyanine HB238 on Ag(100) surface

LUMO and HOMO of the monolayer, atomic charges of HB238, projected density of states (PDOS)
using PBE, and the molecular orbital diagram of HB238 in gas phase and upon adsorption on Ag(100)
are also available in SI.
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Figure C.1: Table of content graphic (ToC)

Abstract The adsorption of the merocyanine dye HB238 on hexagonal boron nitride (hBN) was
investigated using a machine learning (ML) assisted global search strategy. A series of MACE
machine learning interatomic potentials with higher-order equivariant message passing were finetuned
on density functional theory (DFT) reference data for single and dimer adsorbate configurations,
providing accurate surrogate models for the potential energy surface. The Bayesian Optimisation
Structure Search (BOSS) was used to search over translational and rotational degrees of freedom of
the adsorbed molecules, followed by full PBE/D3 optimisation of the most promising structures. The
ML-accelerated search revealed that HB238 prefers to adsorb face-on hBN with the sulfur atoms
located near hollow sites; however, the molecule exhibits no strong site selectivity, giving rise to
a broad ensemble of configurations within energies 0.1 eV above the global minimum. When two
HB238 molecules are adsorbed, they align parallel to each other and lie flat on the surface. Overall,
our results demonstrate that combining finetuned ML potentials with Bayesian optimisation enables an
efficient and accurate exploration of complex adsorption landscapes and provide fundamental insights
into the physisorption of dipolar dyes on 2D insulators. This combined MACE×BOSS approach can
be easily extended to investigate organic molecular aggregates on 2D surfaces.

C.1 Introduction
Understanding molecular adsorption on solid surfaces is a central problem in catalysis, sensor design,
and material functionalization [184–187]. Two-dimensional (2D) materials such as hexagonal boron
nitride (hBN) and graphene have attracted significant interest due to their exceptional mechanical
strength, thermal stability, and wide band gap, making them ideal candidates for various surface
chemistry applications [78, 190]. In particular, hBN and graphene provide atomically flat, chemically
inert templates on which organic molecules can form highly ordered films with well-defined epitaxial
relationships [188, 271, 272]. Such ordered growth has been reported for rod-like conjugated molecules
such as para-hexaphenyl and pentacene, which align along high-symmetry directions of the hBN
lattice [188, 189]. However, despite extensive work on related systems, adsorption of merocyanine
dyes on hBN has not been studied experimentally or theoretically to our knowledge, leaving an
important gap in understanding the templated growth of dipolar chromophores on insulating 2D
materials.

The merocyanine dye HB238 (2-[5-(5-dibutylamino-thiophen-2-yl-methylene)-4-tert-butyl-5H-
thiazol-2-ylidene]-malononitrile) is a prototypical donor–acceptor chromophore with a large ground-
state dipole moment and tunable optoelectronic properties [81, 82]. On metallic substrates, HB238 has

80



C.2 Computational methods

been observed to chemisorb via its sulfur atoms, forming ordered assemblies such as chiral tetramers
on Ag(100) [82]. In contrast, adsorption on inert van der Waals surfaces such as hBN(001) is expected
to be governed by weaker dispersive and electrostatic interactions, potentially allowing the formation
of ordered physisorbed monolayers without strong hybridization effects. Motivated by previous studies
of merocyanine and spiropyran derivatives on graphene [273], we investigate here the fundamental
adsorption behavior of HB238 on hBN.

Accurately predicting stable adsorption geometries of large and flexible molecules on surfaces
is computationally demanding. The potential energy surface (PES) governing molecule–surface
interactions is high-dimensional and rugged, containing numerous local minima [274]. Tradition-
ally, global optimization and PES sampling methods such as simulated annealing [275], genetic
algorithms [276], basin hopping [277], minima hopping [278], metadynamics [279], and Monte
Carlo–minimization [280] have been used to address this challenge, but they are often inefficient for
complex organic adsorbates.

Recent advances in machine learning (ML) have revolutionized this domain by providing accurate
surrogate models for energy and force prediction at a fraction of the cost of density functional theory
(DFT). In particular, ML-based interatomic potentials such as Message Passing Neural Network
(MPNN) architectures have demonstrated DFT-level accuracy for a variety of systems [101, 281].
Among them, the MACE stands out by incorporating higher-order equivariant interactions and achieving
state-of-the-art performance in capturing short-range physics in molecules and materials [101, 282].
Recent work has demonstrated that MACE can be effectively finetuned with DFT data to pre-relax
adsorption geometries, discovering new stable configurations while reducing the computational cost
by up to 75% compared to brute-force DFT screening [108].

To efficiently explore the PES using such ML surrogates, Bayesian Optimization (BO) has emerged
as a powerful tool for global structure search. The BOSS framework [92, 181, 182] employs Gaussian
Process (GP) regression to model the energy landscape and iteratively select new sampling points that
balance exploration and exploitation [283]. BOSS has been successfully applied to identify low-energy
adsorption configurations of organic molecules on metallic and 2D surfaces [181].

In this work, we present a hybrid MACE×BOSS framework that combines a MACE-MP-0 model,
fine-tuned on PBE/D3 data, with the BOSS Bayesian optimization method to efficiently explore the
adsorption landscape of the HB238 molecule on hBN. The MACE-MP-0 model, originally trained
on PBE and PBE+U datasets without dispersion corrections, is finetuned here to include dispersion
interactions, which play a crucial role in adsorption phenomena. Within this framework, BOSS
performs a five-dimensional global optimization—two translational and three rotational degrees of
freedom—to identify the most stable adsorption geometry. The MACE × BOSS approach achieves
a substantial computational speed-up compared to direct DFT-based optimizations while retaining
near-DFT accuracy. By combining MACE energy calculation and Bayesian optimization, we overcome
the limitations of brute-force DFT screening, provide the first systematic study of HB238 adsorption
on an insulating 2D substrate, and establish a broadly applicable framework for ML-accelerated
exploration of molecule–surface interactions.
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Figure C.2: Workflow of the global minimum search of the adsorption structure of HB238 molecule on hBN(001)
surface.

C.2 Computational methods
C.2.1 Workflow
The global minimum search for the adsorption structure of the HB238 molecule on the hBN(001)
surface is shown in Figure C.2. Initially, the conformational landscape of the HB238 molecule was
explored using the Conformer-Rotamer Ensemble Sampling Tool (CREST)[137]. We performed
iMTD-sMTD metadynamics-based conformer sampling with the GFN2-xTB[135] semiempirical
method as implemented in CREST. After identifying the most stable gas-phase conformer among the
356 sampled structures, this structure is used as the adsorbate on hBN(001) surface for adsorption
structure generation using MACE-MP-0 and BOSS. 1191 single molecule and 1163 dimer adsorption
structures were generated and then optimized with PBE/D3[132, 220] in VASP,[128, 129] creating
a comprehensive training dataset. This training dataset generation procedure is implemented as a
Python module called "adsgen".The energy and gradients of the above mentioned PBE/D3 optimized
structures structures were used to train the MACE[101] potential. Finally, the finetuned MACE
potential, coupled with BOSS,[92] was applied to efficiently perform a global minimum search on the
potential energy surface (PES).

C.2.2 Bayesian Optimization Structure Search
BOSS was employed to perform global optimization of HB238 adsorption configurations on the
hBN(001) surface using MACE-trained potentials.[92] For single-molecule adsorption, a 5-dimensional
configurational space was explored, consisting of 𝑥 and 𝑦 lateral translations from 0-2.5 Å on the
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surface and three Euler rotational angles (𝛼, 𝛽, 𝛾) of the HB238 molecule. Each angle was sampled
uniformly from 0◦ to 359◦. The search was performed using the finetuned potentials as the surrogate
model for the potential energy surface. Geometry optimization of each sampled structure was
conducted using the PreconLBFGS[174] optimizer in ASE[284] with a force convergence threshold
of 0.01 eV/Å. A total of 1000 configurations were evaluated, comprising 20 initial random samples
and 980 Bayesian optimization iterations.

The dimer search explored a 10-dimensional configurational space comprising the combined
translations and rotations of two HB238 molecules adsorbed on hBN. Each molecule was allowed two
in-plane translations (𝑥, 𝑦) and three Euler rotations (𝛼, 𝛽, 𝛾). To ensure comprehensive sampling
while avoiding physically unrealistic placements, the translational bounds were derived from extremal
positions of two HB238 molecules stacked in various orientations—vertical, side-by-side, rotated,
diagonal, and overlapping — within the hBN unit cell (see Figures S1 and S2). From these reference
configurations the centre-of-mass coordinates were restricted to [4.00, 7.50] Å in 𝑥 and [2.00, 7.50] Å
in 𝑦 for Molecule 1, and [4.00, 23.50] Å in 𝑥 and [4.00, 20.50] Å in 𝑦 for Molecule 2. The rotational
angles were sampled in discrete 15◦ intervals from 0◦ to 345◦. For each configuration, the predicted 𝛼,
𝛽, 𝛾 values from BOSS were rounded to the nearest multiple of 15° to reduce the number of redundant
configurations and maintain rotational symmetry. Both molecules were initially placed 2.5 Å above the
hBN surface, and for vertically stacked configurations the second molecule was offset by an additional
2.5 Å above the first molecule. This vertical spacing eliminated unphysically small distances between
the atoms of the two molecules and allowed us to discard implausible structures before optimisation.

C.2.3 MACE Training

Three independent MACE interatomic potentials were refitted to model the PES of HB238 adsorption
on the hBN(001) surface. All training structures were optimized at PBE/D3 level prior to MACE
model refinement. The first model, referred to as MACE-1M, was re-fitted on DFT energies and
forces of 1191 structures consisting of single HB238 molecules adsorbed on the surface. The second
model, MACE-1M2M, used an extended dataset of 2354 structures incorporating both single- and
two-molecule adsorption configurations. The third model, MACE-1M2M+C, was trained on a
combined dataset of 2660 structures, which included all previous adsorption configurations along
with HB238 gas-phase conformers generated via CREST and optimized at PBE/D3 level. The relative
energy of 356 conformers obtained with CREST is shown in Figure S3.

All models were re-fitted starting with the "medium" foundation model. The training was performed
for a maximum of 2000 epochs with early stopping enabled (patience = 20). The optimizer used was
Adam with the AMSGrad variant and a fixed learning rate of 0.001. The loss function was defined
as a weighted sum of energy and force terms, with energy and force weights of 10.0 and 1000.0,
respectively. Energy reference values were computed using per-atom averages.

The MACE models were trained with a batch size of 4 for both training and validation, leveraging
CUDA-enabled GPUs in a distributed setting across four nodes, each equipped with four GPUs. To
prevent overfitting, gradient clipping was applied with a threshold of 1.0. Exponential Moving Average
(EMA) decay with a rate of 0.995 was employed to smooth parameter updates during backpropagation.
The precision for all calculations was maintained at double precision (float64) to ensure numerical
stability during gradient updates. Validation was performed after every epoch with a 5% holdout
fraction, and the error was measured using Per Atom Mean Absolute Error (PerAtomMAE).

Each of the three refitted MACE models was subsequently integrated into a BOSS to perform global
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structure optimization over the predicted PES, see previous section.

C.2.4 Density Functional Theory

All density functional theory (DFT) calculations were performed with VASP 6.5.1[128, 129], employing
the Perdew–Burke–Ernzerhof (PBE) exchange–correlation functional within the generalized gradient
approximation together with Grimme’s D3 dispersion correction[132]. Core–electron interactions
were described using the projector augmented-wave (PAW) method[262, 285], with PAW-PBE
pseudopotentials from the standard VASP library. A plane-wave kinetic energy cutoff of 450 eV was
applied. Electronic occupancies were determined using Fermi–Dirac smearing with a width of 0.01
eV. The hBN(001) surface was modeled with a lattice constant of a=2.51 Å (optimized at the PBE/D3
level) as a periodic slab consisting of two atomic layers. The experimental lattice constant of hBN is
2.50 Å.[286] For adsorption studies, a 12 × 12 × 1 supercell was used for single-molecule adsorption
and an 18 × 18 × 1 supercell for dimer configurations. Given the large surface dimensions, the
Brillouin zone was sampled at the Γ-point only. Ionic relaxations were performed with the conjugate
gradient (CG) algorithm, where only the adsorbed HB238 molecule was relaxed while the hBN surface
atoms were kept fixed.

C.3 Results and Discussion

C.3.1 MACE fine-tuning

The fine-tuning performance of the three MACE potentials shown in Figure C.3 shows a clear trend
of rapid convergence. For the single-adsorbate model (MACE-1M) the energy mean absolute error
(MAE) drops below 1 meV/atom and the force MAE below 5 meV/Åwithin the first few hundred
epochs, while the validation loss closely tracks the training loss throughout, indicating that the potential
fits the single-molecule adsorption data without overfitting. When the training set is expanded to
include two-molecule configurations (MACE-1M2M), the initial energy and force errors are larger
because the model must learn dimer interactions, but both errors decline steadily and force errors
approach those of the single-molecule model by the end of training and the energy errors drop below
2.5 meV/atom. The most comprehensive model (MACE-1M2M+C), which also includes gas-phase
conformers, starts with the highest errors but quickly reduces the energy MAE to below 2.5 meV/atom
and the force MAE to roughly 2 meV/Å, with a small oscillation around 500 epochs reflecting the
assimilation of the conformer data; the training and validation losses remain aligned, demonstrating
that the broader dataset does not compromise the model’s accuracy.

C.3.2 Global Minima Search for Adsorption Structure with BOSS

To identify the most stable adsorption geometries of the HB238 molecule on the hBN surface we
employed the BOSS[92] method, which combined a machine–learning potential with a Bayesian
acquisition function to navigate the high-dimensional configurational space efficiently. For each
configuration returned by BOSS, the energy provided by the fine-tuned MACE models was used to
rank candidate structures, and the energy configurations were then re-evaluated with DFT to obtain
accurate reference energies.
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d)

b) c)

e) f)

MACE-1M MACE-1M2M MACE-1M2M+C
a)

Figure C.3: Learning curves for the three refitted MACE potentials developed in this work. Panels (a–c) show the
mean absolute error (MAE) of predicted energies in meV/atom (red) and forces in meV/Å (blue) versus training
epoch for models trained on single adsorbate (MACE-1M), single molecule and dimer adsorbate (MACE-1M2M),
and single, dimer and gas-phase conformer (MACE-1M2M+C) finetuning datasets, respectively. Panels (d–f)
plot the corresponding training (red) and validation (blue) losses versus epoch for each model.
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MACE-MP-0 MACE-1M
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c) d)

Figure C.4: Ranking of relative energies for single-molecule adsorption obtained with BOSS using the foundation
model a)MACE-MP-0 and the fine-tuned models: b)MACE-1M, c)MACE-1M2M and d)MACE-1M2M+C.
The surrogate energies (orange dots) are compared to respective DFT reference energies (blue dots).

Single-molecule adsorption

In the single-adsorbate case, the search space comprised two in-plane translations and three rotational
degrees of freedom as described above. Figure C.4 compares the BOSS rankings obtained with the
foundation model (MACE-MP-0) and the three fine-tuned models. Each panel plots the DFT relative
energy (blue points) and the MACE surrogate potential energy (orange line) as a function of the MACE
rank (lower rank corresponds to more stable structures). The PBE/D3 energies shown in Figure C.4
are obtained from single point calulations of the structure predicted from MACE×BOSS approach,
obtained for the origional MACE-MP-0 and the three refitted models, respectively. The foundation
model shows little correlation between the MACE-MP-0 and the PBE/D3 energies: PBE/D3 energies
vary widely across the entire rank range and the MACE-MP-0 model fails to distinguish low-energy
structures. In contrast, the fine-tuned models substantially improve the agreement. For the MACE–1M
model, the first 700 ranked structures lie within 0.2 eV of the global minimum, and the finetuned model
energy increases smoothly thereafter. This indicates that the model reliably identifies a large family of
low-energy adsorption configurations. The MACE–1M2M and MACE–1M2M+C models exhibit
similar trends, albeit with slightly smaller deviations between the MACE predicted and PBE/D3
energies at higher ranks.

Inspection of all structures with 0.2 eV energy difference above the lowest structure obtained with
the three finetuned models shows that the HB238 molecule lies flat on the hBN surface. The most
stable configuration was obtained using the MACE-1M2M+C model and is shown in Figure C.5. In
this configuration, both sulfur atoms are positioned at the hollow sites. The distribution of sulfur
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a) b)

Figure C.5: Most stable adsorption motifs from a) 5D and (b) 10D BOSS search obtained using MACE-1M2M+C
model and relaxed at the PBE/D3 level using DFT. The hBN slab is shown using hexagonal rings in blue
and green color and the S, C , N and H atoms are shown using yellow, brown, light blue and light pink color
respectively. Only the first layer of the two layer hBN slabs is shown.

positions extracted from all structures within ≤ 0.1 eV relative energy (773 structures) with respect to
the global minimum (Figure C.6a) shows the HB238 molecule lacks site-specific bonding, i.e. the
molecule is mobile on the surface. Ten representative monomer adsorption structures within 0.1 eV of
the minimum are shown in Figure S4, with their adsorption energies summarized in Table S1.

Dimer adsorption

To study the adsorption of a second molecule as the second step of a deposition process, 10-dimensional
configurational space was explored which included the combined translations and rotations of two
HB238 molecules adsorbed on hBN. Figure C.7 illustrates the BOSS ranking for this case. The
foundation model (MACE-MP-0) fails to correlate with the DFT energies and yields a wide spread of
predicted low-energy structures. Fine-tuning on adsorption data dramatically improves the ranking.
The MACE–1M model captures the low energy plateau but fails to identify the lowest energy structures.
From 550 similar energy structures predicted by the model very few are actual minima, this is expected
since the model did not contain any dimer structures. The MACE-1M2M and MACE–1M2M+C
models improve the identification of dimer minima structures. Overall, the surrogate-guided search
locates a rich set of 175 dimer configurations with energies within 0.1 eV of the global minimum.

The lowest-energy dimer identified by BOSS is shown in Figure C.5b. The two HB238 molecules
adsorb flat on the surface and align parallel to each other. Ten representative structures within 0.1 eV
of the minimum are shown in Figure S5, with their adsorption energies summarized in Table S2. The
lateral interactions of two molecules on hBN surface stabilized by intermolecular hydrogen bonding as
shown in Figure S6. As in the single-molecule case, the sulfur positions from the dimer configuration
(175 structures within 0.1 eV) also do not show any site preference (Figure C.5b), but it is evident that
the molecules do not prefer to stack on each other but adsorb flat on the surface, side by side.
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a) b)

Figure C.6: Distribution of sulfur atom positions for all structures with 0.1 eV relative energy of the global
minima obtained from the BOSS ensambles with MACE-1M2M+C. (a) Single-molecule search: the donor S
(orange points) and acceptor atoms (green points) (b) Dimer search: four clusters (coloured points) correspond
to the four sulfur atoms in the dimer, again localising near nitrogen sites.

a) b)

c)

MACE-1M

MACE-1M2M MACE-1M2M+C
d)

MACE-MP-0

Figure C.7: Ranking of relative energies for 10D dimer adsorption obtained with BOSS using the foundation
model a)MACE-MP-0 and the fine-tuned models: b)MACE-1M, c)MACE-1M2M and d)MACE-1M2M+C.
The surrogate energies (orange dots) are compared to respective DFT (PBE/D3) reference energies (blue dots)
obtained from single point calculations of the MACE×BOSS strucures.
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C.4 Adsorption energy

Table C.1: Adsorption energy per molecule E𝑎𝑑𝑠 (eV) for the most stable monomer and dimer adsorption
configuration calculated at PBE/D3 level

Adsorption Configuration E𝑎𝑑𝑠 (eV)

Monomer -1.69
Dimer -1.95

The adsorption energies per molecule were computed as 𝐸ads = (𝐸HB238/hBN −𝐸hBN −𝑁 𝐸HB238)/N,
where 𝐸HB238/hBN is the total DFT energy of the relaxed adsorbate–slab system, 𝐸hBN is the energy
of the bare slab, 𝐸HB238 is the energy of an isolated HB238 molecule in the gas phase, and 𝑁 is the
number of adsorbed molecules. A negative value indicates exothermic adsorption.

Table C.1 summarises the global minimum adsorption energies for the monomer and dimer config-
urations. 𝐸𝑎𝑑𝑠 of the most stable monomer adsorption motif is –1.69 eV, while the 𝐸𝑎𝑑𝑠 of most stable
dimer configuration is –1.95 eV. The latter is 0.26 eV lower, indicating that lateral interactions between
the two molecules provide an additional stabilisation. This extra stabilisation arises electrostatic
interaction and hydrogen bonding between the cyano group of one molecule and the hydrogen atoms
from the pi-conjugated backbone of the adjacent molecule (Figure S6). The stronger adsorption of
HB238 compared to trans-azobenzene (–1.49 eV on hBN)[Szitas2020AdsorptionRh111] is due to
the larger molecular size and polarizability of the merocyanine dye. Within the ensemble of 700
low-energy structures found by BOSS, the adsorption energies vary by less than 0.2 eV, highlighting
the flatness of the potential energy surface and suggesting high mobility of the molecule on hBN.

C.5 Electronic Structure Analysis
The electronic interaction between HB238 and the hBN substrate was evaluated through molecular-
projected density of states (PDOS) and charge density difference (CDD) analyses, as presented in
Figure C.8.

The PDOS projected onto HB238 (Figure C.8a) indicates that the frontier orbitals remain sharp
and well defined upon adsorption. The HOMO of the HB238 molecule is close to the Fermi level of
the combined HB238/hBN system. The persistence of narrow peaks demonstrates that the molecular
orbitals retain their localized character with negligible mixing into substrate states, consistent with
weak electronic coupling to the hBN lattice.

The CDD maps (Figures C.8b and C.8c, side and top views) provide spatial insight into charge
redistribution at an isovalue of 5x10−4e/3. Only minor regions of charge accumulation and depletion
are observed around cyano groups of HB238, while the hBN surface remains largely unaffected. This
distribution confirms the absence of covalent bonding or significant charge transfer.

C.6 Conclusions
A machine-learning-accelerated workflow was developed to explore the high-dimensional adsorption
landscape of the merocyanine dye HB238 on hexagonal boron nitride. MACE interatomic potentials,
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b)

c)

a)

Figure C.8: a) PDOS of HB238 in the most stable adsorption motif on hBN surface, obtained from 5D BOSS
search as shown in Figure C.5. The black dotted line indicates the Fermi level of the HB238/hBN system. b)
Side view and c) top view of the charge density difference (CDD) at an isovalue of 5x10−4e/3, illustrating
charge redistribution upon adsorption. Yellow regions correspond to charge accumulation, while cyan regions
denote charge depletion.

fine-tuned on PBE/D3 training data for single and dimer adsorbate configurations, were combined
with the BOSS Bayesian optimisation framework to efficiently search the five- and ten-dimensional
configurational spaces and identify stable adsorption motifs with chemical accuracy. The machine-
learning surrogate potential enabled the sampling of thousands of candidate structures. The results
indicate that HB238 adsorbs flat on hBN without strong site specificity, yielding a manifold of
monomer and dimer adsorption configurations within 0.2 eV above the global minimum energy. Based
on the present theoretical results it can be predicted that the growth of ordered monolayers of HB238
on hBN is only governed by intermolecular interaction and may be hampered by the lack of directing
effects from the surface. This workflow is expected to be broadly applicable to other large organic
adsorbates and to support the design of hybrid organic–2D material systems for optoelectronic and
sensing applications.

C.7 Supporting Information
Supporting Information (SI) Includes: Adsorption configuration used to identify the bounds for BOSS
10D search, Illustration of the monomer and dimer HB238 adsorption structures on hBN surface with
their adsorption energies.
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Figure D.1: Table of content graphic (ToC)

Abstract Organic donor–acceptor (D–A) molecules with permanent dipoles are attractive can-
didates for flexible electronics. Merocyanines represent a well-studied class of such systems, both
experimentally and theoretically. In this study, the adsorption of a single merocyanine molecule on
Cu(100), Ag(100), and Au(100) surfaces was investigated using a workflow that combines machine
learning interatomic potentials with Bayesian optimisation. Interatomic potentials based on DFT
data were fine-tuned for each substrate and embedded within a Bayesian optimisation scheme to
efficiently explore lateral translations and rotations. Candidate geometries were subsequently refined
via dispersion-corrected DFT relaxations, and the electronic structure was analysed through projected
density of states and core-level spectra simulations.

The search identified flat-lying adsorption as the energetically preferred configuration across all
coinage metals, with the strongest substrate–molecule coupling on Cu(100). Core-level spectra
calculations showed that donor sulfur atoms consistently possessed higher binding energies than
acceptor sulfur atoms, and that the donor–acceptor splitting narrowed upon adsorption, indicating
significant charge redistribution at the interface. This study provides an efficient route to map complex
adsorption landscapes and to elucidate how metal reactivity influences the electronic structure of
dipolar organic molecules.

D.1 Introduction
Organic semiconducting molecules have emerged as suitable materials in the development of flexible
and lightweight optoelectronic devices, with their molecular design offering extensive tunability in
optical absorption, charge transport, and interfacial properties. [28] Within this class, donor–acceptor
(D–A) molecules with large permanent dipole moments have gained attention due to their potential
to control electronic level alignment at interfaces, a crucial factor in optimizing the performance
of organic solar cells and transistors. [37, 38] The orientation and packing of such polar molecules
in thin films significantly influences their optoelectronic properties, including the work function,
exciton binding energy, and charge carrier mobility. [29, 36] Variations in molecular orientation from
face-on to edge-on are shown in Figure D.2 for the merocyanine 2-[5-(5-dibutyl-amino-thiophene-2-yl-
methylene)-4-tert-butyl-5H-thiazol-2-ylidene]-malononitrile, denoted as HB238. Such orientational
differences can lead to substantial differences in energy level alignment, polarization screening, and
interfacial dipole formation. [70, 287, 288]

Surface-sensitive experimental techniques including scanning tunneling microscopy (STM), low-
energy electron diffraction (LEED), photoelectron spectroscopy (PES), X-ray photoelectron spectro-
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Face-on Side-on Edge-on

a) b) c)

Figure D.2: Representative picture of molecular orientation and packing of the HB238 molecule in thin films.
The molecular motif is represented in shades of red. Black arrows indicate the direction of the dipole moment
vector. The color gradient from green to orange shows the orientation from acceptor to donor unit.

scopy (XPS) and X-ray absorption spectra (XAS) have offered extensive experimental insight into the
nature of interactions between molecules and metal surfaces. [72, 73] However, these studies have
predominantly focused on highly symmetric and rigid molecules such as rubrene, PTCDA, pentacene,
and phthalocyanines, [289–292] which often form well-ordered layers on noble metal surfaces. These
model systems have been widely used to investigate van der Waals interactions, epitaxial growth, and
molecule-induced work function shifts. [293–295]

However, the growing complexity of organic semiconductors used in devices characterized
by asymmetric structures, flexible side chains, and heteroatoms necessitates a deeper theoretical
exploration of their adsorption behavior on technologically relevant surfaces. [296, 297] Merocyanine
dyes represent a compelling class of such materials, exhibiting high dipole moments, intense optical
absorption, and a rich variety of packing motifs. [59, 242, 298] The molecule HB238 exemplifies these
features and is shown in Figure D.3. With its modular donor–acceptor structure, flexible 𝜋-conjugated
core, and chemically active sulfur and nitrogen atoms, HB238 is particularly suited for studying the
intricate balance between molecule–substrate and intermolecular interactions. [43, 81, 82, 299]

Recent experimental studies by Öcal et al. [81] and Kny et al. [82] have provided experimental
insight into the interaction of HB238 with metal surfaces. Despite these important experimental
efforts, a detailed theoretical understanding of the interface geometry and electronic structure using
density functional theory (DFT) can offer valuable insight into the nature of molecule–metal bonding
and the effect of intermolecular and molecule-surface interaction on the optoelectronic properties
of HB238. [294, 300, 301] For similar systems, DFT has proven effective in reproducing adsorption
energies and projected density of states (PDOS), and has been used to rationalize differences in
reactivity among the coinage metals. [302, 303] Additionally, simulation of XAS allows comparison
with element-specific experimental signals and helps characterize the local bonding environment. [299,
304, 305]

However, the high configurational flexibility of HB238 introduces a large and complex adsorption
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S1
S2

N1

N2

N3 N4

Figure D.3: Molecular structure of the merocyanine HB238. The donor sulfur atom (S1) is located in the
thiophene ring, and the acceptor sulfur (S2) in the thiazole ring. The donor nitrogen (N1) is part of the
dialkylamino group, while the acceptor nitrogens comprise N2 in the thiazole ring and N3 and N4 in the cyano
groups. C, H, N, and S atoms are shown in brown, light pink, blue, and yellow color, respectively.

phase space, making global geometry exploration with standard DFT-based structure optimization
techniques computationally unfeasible. To address this challenge, we employ the machine-learned
interatomic potential (MLIP) MACE,[101] fine-tuned with DFT energies and forces of the HB238:metal
systems, to evaluate a wide range of adsorption geometries. This MLIP is coupled with the Bayesian
Optimization Structure Search (BOSS)[181] algorithm, which efficiently explores the five-dimensional
configurational space involving lateral shifts and molecular rotations, enabling the identification of
global and low-energy local minima. This approach complements experimental insight by enabling
quantitative prediction of stable adsorption geometries and associated electronic features with high
accuracy and efficiency.

In this work, we perform a comprehensive theoretical investigation of the HB238 molecule adsorbed
on the (100) facets of Ag, Au, and Cu surfaces. Using the MACE/BOSS approach followed by
dispersion corrected DFT calculations of selected structures, we optimize adsorption geometries and
quantify adsorption energies, sulfur–metal bond lengths, and nitrogen–metal bonding. We analyze
the PDOS to assess orbital hybridization and energy level shifts, and simulate XAS to probe the
local electronic environment around key atoms. By comparing the results across the three substrates,
we elucidate the role of metal reactivity in terms of interfacial bonding, molecular orientation, and
electronic structure.

D.2 Computational Details
D.2.1 MLIP training
To facilitate efficient sampling and accurate evaluation of adsorption geometries for HB238 on
coinage metal surfaces, we finetuned the original MACE-MP-0 model[180] separately for each metal
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substrate—Cu(100), Au(100), and Ag(100).[101] The fine-tuned models allowed efficient sampling of
the PES for HB238 adsorption on metal surfaces.

Each model was trained independently using DFT-generated datasets that included a diverse set
of adsorption configurations with varying molecule–surface orientations. For Cu(100), a total of
1511 structures were used for training and 167 for testing. The Au(100) dataset comprised 1394
training structures and 154 test structures, while the Ag(100) model was trained on 1475 structures
and evaluated on 163 test structures. All models achieved sub-meV accuracy in energy predictions
and force errors on the order of a few meV/Å, as shown in Table D.1 with final test set MAE values for
energy and forces of 0.7 meV/atom and 5.8 meV/Å, respectively, for Cu(100), 1.3 meV/atom and 2.3
meV/Å for Au(100), and 0.6 meV/atom and 2.4 meV/Å for Ag(100).

Fine-tuning was performed using the medium foundation model with mace-torch 0.3.13.[101]
The models were trained for up to 2000 epochs based on a validation split of 5% structures from
the training set. The loss function incorporated weighted contributions from both energy and force
components, assigning a force weight of 200.0 and an energy weight of 10.0 to prioritize accurate
force predictions during geometry optimization. The MLIP parameter optimizer used the AMSGrad
method with a weight decay of 5 × 10−7 per epoch, and an exponential moving average (EMA) of the
model parameters were maintained throughout fine-tuning with a decay factor of 0.995. A batch size
of 4 was used for both training and validation, and the learning rate was fixed at 0.001. To ensure
numerical stability, gradient clipping was applied with a threshold of 1.0. The Au model required
extended fine-tuning upto 3000 epochs to achieve convergence. After epoch 2000, the energy weight
in the loss function was increased from 10.0 to 1000.0 to further emphasize accurate prediction of
adsorption energies.

Table D.1: Training dataset sizes and final mean averaged error (MAE) values for MACE-MP-0 models
fine-tuned per metal surface.

2cSurface No of Structures MAE

Training set Test Set Energy [meV/atom] Force [meV/Å]
Cu(100) 1511 167 0.7 5.8
Au(100) 1394 154 1.3 2.3
Ag(100) 1475 163 0.6 2.4

The convergence behavior of the MACE models during training is shown in Figure D.4, which
reports the decay of per-atom MAE for energies and forces as a function of fine-tuning epoch. These
fine-tuned MACE models for accelerated structure screening and initial relaxation, providing starting
geometries that were subsequently refined using full DFT relaxations ( See section DFT optimization)
with top-layer relaxation enabled.

D.2.2 Bayesian Optimization of Adsorption Geometries

Bayesian Optimization of the HB238 molecule adsorbed on coinage metal surfaces was performed
using the BOSS framework, with fine-tuned MACE models as the energy evaluator.

The search space for Bayesian optimization was defined over five configurational degrees of freedom:
lateral translations (𝑥 and 𝑦) and molecular rotations (𝛼, 𝛽, 𝛾). The bounds for the lateral search along
𝑥 and 𝑦 direction were set according to the calculated lattice constants of each surface: [0, 4.07] Å for
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Cu (100) Au (100)Ag (100)
a) b) c)

d) e) f)

Figure D.4: a-c) Training error progression for the MACE-MP-0 models on Cu(100), Ag(100), and Au(100)
surfaces, respectively. The mean absolute error (MAE) for energy (meV/atom) is shown in red, and the MAE
for forces (meV/Å) is shown in blue, plotted over training epochs. (d–f) Training (red) and validation (blue) loss
evolution over epochs during fine-tuning of the corresponding MACE models.
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Ag(100), [0, 4.10] Å for Au(100), and [0, 3.56] Å for Cu(100). The details of measured and calculated
lattice constants are given in Table S1. The rotational angles were allowed to vary in the range [0°,
359°] for all three axes. Each Bayesian optimization run was initialized with 20 randomly sampled
configurations and refined through 980 adaptive sampling iterations using acquisition functions tailored
to each degree of freedom.

Each candidate configuration was constructed by using a pre-relaxed Ag(100), Au(100), or Cu(100)
surface, respectively, and the gas-phase optimized geometry of HB238 obtained with CREST.[137]
Both the surface slab and gas phase molecule were first optimized at PBE/D3 level using VASP. The
molecule was first rotated about its center of mass, then laterally shifted and vertically adjusted such
that its lowest atom was positioned 2.5 Å above the topmost metal layer.

D.2.3 DFT optimization

All structural optimizations of the HB238 molecule adsorbed on metal (100) surfaces were carried out
using the Vienna Ab initio Simulation Package (VASP, version 6.4.3) [128, 129]. The plane-wave-
based density functional theory (DFT) calculations employed the generalized gradient approximation
(GGA) using the Perdew–Burke–Ernzerhof (PBE) exchange-correlation functional [220], with the D3
dispersion correction [132]. A moderate energy cutoff of 400 eV was applied for the plane-wave
basis set. In previous studies,[299] we have shown that this is sufficient of HB238 adsorption on metal
surfaces.

Metal surfaces (Cu, Ag, Au) were modeled using a 3-layer slab with a 8 × 8 supercell of the
primitive surface unit cell, comprising 192 atoms. The bottom two layers were kept fixed during
relaxation of the global minima adsorption structures of HB238 on each surface. However, for DFT
structures generated for fine-tuning, metal slabs were kept fixed. The lattice constant for each surface
was individually optimized using PBE/D3 prior to constructing the adsorption models. In preliminary
test calculations and a previous study, we have observed that three-layer models are sufficient for
convergence of adsorption energies.[299]

For ionic relaxation, the conjugate-gradient algorithm was used with a time step of 0.5 fs. A force
convergence criterion of 0.01 eV/Å was set. Electronic convergence was defined as 10−6 eV. The
Gaussian smearing method was used with a smearing width of 0.2 eV, A (1 × 1 × 1) k-point grid, i.e.
the Γ-point approximation, and automated real-space projection settings were applied.

PDOS calculations were carried out using the r2SCAN hybrid functional with an exchange fraction of
10% (r2SCANh). Based on tests with various functionals, r2SCANh trned out to be most accurate.[299]
In these calculations a higher plane-wave energy cutoff of 500 eV was used. The number of electronic
bands was set to 3200 to ensure proper convergence of unoccupied states near the Fermi level (E𝐹).
Gaussian smearing was used for partial occupancies with 𝜎 ≈ 0.1 eV). Electronic energy convergence
was set to 10−5 eV. The DOS was evaluated on a fine energy grid of 6001 points over a window from
–6.0 to 0.0 eV relative to the E𝐹 .

X-ray Absorption Spectra Calculations

XAS were calculated using the real-space projector augmented wave (PAW)[285] method implemented
in Grid-Based Projector-Augmented Waves (GPAW) version 25.11.0, [306] in conjunction with the
ASE. [284]

97



Appendix D HB238 Adsorption on Coinage Metal Surfaces: Insights from a combined
Machine-Learning Interatomic Potential and Bayesian Optimization Framework for Interfacial
Electronic Structure

The adsorption structures were centered with a vacuum region of 10 Å along the surface normal to
avoid interactions between periodic images. The plane-wave mode with a 600 eV cutoff and Γ-point
sampling was employed. A Fermi–Dirac smearing of 0.1 eV was applied to the band occupations.

Core-level excitations were treated following the delta Kohn Sham (ΔKS) approach for 2p states
of S atoms. A transition-potential ground state was obtained by introducing a half-core hole on the
selected atom, while reference energies were evaluated from a calculation without a core hole. The
final state was computed using a full core hole with an added electron in the conduction manifold and
a constrained local magnetic moment on the excited atom. In all calculations, domain-decomposition
parallelization was employed for efficient scaling.

The excitation energy was obtained from the total energy difference between the full core-hole and
reference states. X-ray absorption spectra were then generated using the GPAW xas module, where
both stick spectra and Gaussian-broadened spectra (FWHM = 0.6 eV) were calculated. The spectra
were aligned by shifting the energy scale such that the first transition matched the ΔKS excitation
energy, and the total intensity was obtained by summing over the three Cartesian S2p components.

D.3 Adsorption Geometry and Interaction Strength

Using the above mentioned MACE/BOSS workflow, 1000 unique structures were generated for each
surface and evaluated using single-point energy calculations with both the pre-trained MACE-MP-0
model and the fine-tuned metal-specific models. Figure D.5 compares the predicted energies with DFT
reference values in order to demonstrate the improvement upon finetuning. The zero-energy reference
point in each panel corresponds to the global minimum structure predicted by the MACE/BOSS
search. In Figure D.5a, c and e, the blue points represent predicted energies from the general-purpose
MACE-MP-0 model with D3 corrections, which shows substantial deviation and poor ranking ability as
confirmed with DFT single point calculations. Fine-tuning the MACE models improved its agreement
with DFT-calculated energies, allowing it to accurately rank structures and identify global minima.

These lowest-energy configurations are all flat-lying geometries where the interaction of the
𝜋-system of HB238 with the surface is maximized. The corresponding optimized structures are shown
in Figure D.6. The representative side-on, and edge-on configurations are shown in Figure D.7 using
DFT-based geometry re-optimizations (PBE/D3 in VASP). They are in general less stable than the
flat-lying structures. Their adsorption energies are 1.5–3.5 eV higher than those of the flat structures,
as shown in Table D.2. This significant energetic difference reflects both loss of interaction of the
𝜋-electrons with the metal and diminished S/metal bonding. Nonetheless, such orientations are useful
for probing rotational barriers and understanding steric effects during monolayer formation. Notably,
some side-on structures show downward-pointing cyano nitrogen atoms (N3/N4) that interact with the
surface, contributing to modest stabilization on Cu(100), but far less so on Ag(100) or Au(100), where
N–metal interactions are weaker.

Figure D.8 presents the lateral adsorption positions of the sulfur atoms in HB238 for all configurations
within 0.1 eV of the global minimum on Cu(100), Ag(100), and Au(100) surfaces. On the Cu(100)
surface, both the donor sulfur (S1) and acceptor sulfur (S2) preferentially bind near atop sites,
indicating strong site-specific Cu–S interactions. While S2 consistently adsorbs close to atop positions
across all surfaces, S1 deviates from atop adsorption on Ag(100), likely due to the larger lattice
constant of 4.07 Å compared to Cu (3.56 Å) limiting simultaneous atop alignment of both sulfur atoms.
Au(100) has the largest lattice constant of 4.10 Å and the sulfur atoms exhibit the largest displacement
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Au (100) Au (100)

Ag (100) Ag (100)

Cu (100) Cu (100)

MACE-MP-0 finetuned MACE

a) b)

c) d)

e) f)

Figure D.5: Comparison of predicted relative energies from MACE models against DFT reference energies
for 1000 HB238 adsorption geometries generated via BOSS. Panels a), c), and e) show predictions from the
pre-trained MACE-MP-0 model; b), d), and f) show results from the fine-tuned metal-specific models. The zero
point in each panel denotes the global minimum from the MACE/BOSS workflow.
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Ag (100) Au (100)Cu (100)

a) b) c)

Figure D.6: Sideview(top) and top-view (bottom) of optimized flat-lying adsorption geometries of HB238 on
a) Cu(100), b) Ag(100), and c) Au(100). Atom colors: sulfur (yellow), nitrogen (light blue), carbon (brown),
hydrogen (light pink), and metal atoms—Cu (blue), Ag (silver), Au (gold).

Table D.2: Adsorption energies (in eV) of HB238 on Cu(100), Au(100), and Ag(100) for face-on orientation in
Figure D.6 and different side-on and edge-on orientations as shown in Figure D.7.

Configuration Cu(100) Au(100) Ag(100)

Face-on –4.00 –3.23 –3.20
Side-on 1 –1.46 –1.41 –1.70
Side-on 2 –1.52 –1.28 –0.66
Edge-on 1 –0.34 –0.38 –0.29
Edge-on 2 –1.48 –1.10 –1.00

from atop sites on Au, consistent with weak Au–S bonding and reduced site specificity.

The most stable flat-lying structures predicted by the MACE/BOSS framework were further analyzed
in terms of geometric registry, specifically the alignment of S and N atoms with surface sites, as shown
in Figure D.6. The vertical distances, bond lengths, and lateral deviation angles between selected
heteroatoms (S, N) and their nearest surface metal atoms are shown in Figure D.9 and summarized in
Table D.3. On Cu(100), the larger deviation angles (𝜃) for N1 (15°) and N2 (14°) suggest strained
positioning, while on Au and Ag these atoms exhibit even larger 𝜃 angles (20–24°), reflecting both
weaker direct interaction and greater steric freedom. The N3/N4 atoms from the cyano groups lie
closer to the surface on Cu (2.09–2.10 Å), implying secondary interactions that may enhance dipolar
alignment. On Ag(100), S1 exhibits a deviation of just 1.9°, implying near-perfect atop adsorption.
This lateral registry reflects a balance between surface corrugation and lattice constant: Cu has the
smallest lattice constant (3.56 Å) and relatively stronger Cu-N interaction, leading to misalignment
and strain on S atop positions, whereas Ag (4.07 Å) allows more relaxed matching.
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Side-on 1 Side-on 2 Edge-on 1 Edge-on 2

Cu (100)

Au (100)

Ag (100)

Figure D.7: Sideview(top) and top-view (bottom) of optimized HB238 adsorption geometries on Cu(100),
Ag(100), and Au(100) in distinct orientations: Side-on 1, Side-on 2, Edge-on 1, and Edge-on 2. Each row
corresponds to a different metal surface (top to bottom: Cu, Ag, Au).
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b)

c)

Figure D.8: a-c) Top-view projections of the donor (S1) and acceptor (S2) sulfur atom positions in HB238
adsorbed on Cu(100), Ag(100), and Au(100) surfaces, respectively. Each point corresponds to a local minimum
configuration within 0.1 eV of the global minimum as obtained with BOSS/MACE. Donor(S1) and acceptor(S2)
sulfur atoms are shown in orange and green, respectively. Surface metal atoms are displayed in blue (Cu), silver
(Ag), and gold (Au).

Figure D.9: Representative illustration of the vertical (dotted black line) and actual (solid black line) S–Ag bond
distances in the monolayer. The angle 𝜃 denotes the deviation angle from the ideal atop adsorption position.
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Table D.3: Vertical distances (height difference between each HB238 atom and its nearest metal atom), bond
lengths, and lateral deviation angles (displacement from the ideal atop site) for donor and acceptor atoms in
HB238 adsorbed in the face-on configuration. See Figure D.3 for atom numbering.

Surface Atom Vert. Distance (Å) Bond Length (Å) Angle (°)

Cu(100)
S1 2.35 2.41 14
S2 2.31 2.35 11
N1 3.06 3.17 15
N2 3.16 3.25 14
N3 2.09 2.12 9
N4 2.10 2.12 6

Ag(100)
S1 2.88 2.88 2
S2 2.72 2.75 8
N1 3.29 3.49 20
N2 3.17 3.38 20
N3 2.44 2.53 15
N4 2.39 2.46 13

Au(100)
S1 3.19 3.23 9
S2 2.88 2.91 8
N1 3.37 3.68 24
N2 3.30 3.52 20
N3 2.56 2.57 6
N4 2.56 2.61 11

D.4 X-ray Absorption Spectra (XAS)
To investigate the site-specific electronic environments of the donor and acceptor sulfur atoms in
HB238, sulfur L-edge S 2p XAS were computed using GPAW with the PBE/D3 functional. Separate
core-hole simulations were performed for the thiophene donor(S1) and thiazole acceptor (S2) sulfur
atoms in HB238 adsorbed on Cu(100), Au(100), and Ag(100) surfaces, as well as for the gas phase
molecule. In the gas phase, the donor(S1) and acceptor(S2) sulfur atoms exhibit a well-separated
Δ𝐸XAS of 0.44 eV, reflecting the strong internal dipole moment of the molecule. Upon adsorption on
metal surfaces, this energy separation is significantly reduced.

On Cu(100), the calculated donor–acceptor core-level splitting is 0.29 eV, indicating that strong
molecule–substrate interactions partially symmetrize the local chemical environments of the two
sulfur atoms. For Ag(100), the splitting is slightly smaller at 0.26 eV, and Au(100) exhibits the
lowest separation at 0.20 eV. These effects have previously been explained by surface-mediated charge
transfer speculation and the formation of image charges on the surface[299] These values highlight the
substrate sensitivity of Δ𝐸XAS and the coupling strength of the molecule-surface interaction.

Figure D.10 a shows the S 2p sulfur L-edge XAS spectra for HB238 adsorbed on the three coinage
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metal surfaces, with separate contributions from the donor and acceptor sulfur atoms. The calculated
peak positions and energy separations are summarized in Table D.4 and shown in Figure D.10 b. For
the Au (100) surface, the calculated Δ𝐸XAS, 0.20 eV, is close to the experimentally measured value of
0.3eV. On the Ag (100) surface, however, the calculated Δ𝐸XAS is 0.26 eV, while the experimental
value is zero. Possible reasons for the discrepancy are discussed below.

a) b)

Figure D.10: a)Sulfur L2,3-edge (S 2p) XAS spectra of a single HB238 molecule adsorbed on coinage metal
surfaces. Solid lines represent the donor(S1) sulfur contributions, while dotted lines indicate the acceptor(S2)
sulfur sites. Spectra are color-coded by substrate: blue for Cu(100), yellow for Au(100), and grey for Ag(100).b)
Binding energy of the donor (S1) and acceptor (s2) of HB238 molecule adsorbed on Cu, Au and Ag surface.

Table D.4: Calculated sulfur sulfur L2,3-edge (S 2p) XAS peak positions (in eV) for donor (S1) and acceptor
sulfur(S2) atoms in HB238 adsorbed on metal surfaces and in the gas phase. Δ𝐸XAS refers to the donor–acceptor
energy difference.

System Δ𝐸XAS (eV) Δ𝐸
𝑒𝑥𝑝

XPS (eV)

Cu(100) 0.29 -
Ag(100) 0.26 0.0
Au(100) 0.20 0.3
Gas phase 0.44 -

To further analyze the nature of the reduced Δ𝐸XAS on Ag(100), we compared the spectra of HB238
in two distinct adsorption scenarios: a single isolated molecule as studied here and a densely packed
monolayer studied in our previous work.[299] While the monomer configuration retains much of the
molecular electronic asymmetry, the monolayer shows a near-complete overlap between donor and
acceptor sulfur peaks. This is illustrated in Figure D.11, where panel (b) shows the calculated L-edge
S 2p spectra for the monolayer on Ag(100). The near-degeneracy of the two peaks in this configuration
arises not only from surface-mediated charge transfer and metal–molecule screening, but also from
lateral intermolecular interactions.

This finding has important implications for experimental interpretation. HB238 is known to form
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well-ordered monolayers on Ag(100), and the XPS measurements by Öcal et al. [81] were conducted
under such monolayer coverage conditions. Their S 2𝑝 spectra show no resolvable donor–acceptor
splitting, consistent with our monolayer simulations. The agreement between the calculated XAS
spectra and experimental binding energies supports the conclusion that both surface screening and
intermolecular packing contribute to the observed spectral convergence.

Acceptor S2
Donor S1

Acceptor S2
Donor S1a) b)

Figure D.11: Calculated sulfur L2,3-edge (S 2p) XAS spectra showing (a) contributions from the donor(S1)
and acceptor(S2) sulfur atoms of an isolated HB238 molecule adsorbed on Ag(100), and (b) the summed
contributions from four donor(S1) and four acceptor(S2) sulfur atoms in the monolayer unit cell of HB238
adsorbed on the Ag surface. The donor and acceptor components are plotted separately to illustrate the effects
of intermolecular interactions and surface screening in the monolayer model. The inset shows the monolayer
adsorption geometry. Image adapted with permission from Tomar et al.[299]. Copyright © 2025 American
Chemical Society.

D.5 Projected Density of States
The frontier orbitals of HB238 couple to the electronic states of the metal substrates, as observed from
the projected density of states (PDOS) calculations which were performed for the relaxed, flat–lying
adsorption geometries on Cu(100), Au(100) and Ag(100) surfaces as shown in Figure D.12. The
calculations were performed with the r2SCANh functional.

In the gas phase, the HOMO and LUMO levels of HB238 are located at –3.41 eV and –2.05 eV,
respectively at r2SCANh level.[299] Upon adsorption, these levels shift relative to the substrate E𝐹

and broaden due to hybridisation with metal states.
The molecular orbitals are visualized in Figure D.13 and the frontier orbitals data is given in

Table D.5. The HOMO is 1.1-1.6 eV below 𝐸F and the LUMO is 2.0-2.9 eV above 𝐸F. The
HOMO–LUMO separations referenced to the substrate E𝐹 is in the range of 3.3–4.1 eV. This is
significantly larger than the calculated gas-phase HOMO–LUMO gap of 1.44 eV. The increase reflects
a renormalisation of the frontier levels induced by the metallic environment. Together, the PDOS,
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Figure D.12: Projected density of states of a single HB238 molecule adsorbed on Au(100), Cu(100) and Ag(100)
surface respectively with respect to the Fermi level calulated using r2SCANh functional.

Table D.5: Calculated HOMO and LUMO energies of HB238 molecules adsorbed on different coinage metal
surfaces. The values are presented with respect to the Fermi level of each metal surface. All calculations are
performed with r2SCANh.

Surface HOMO (eV) LUMO (eV) Gap (eV)

Cu(100) -1.39 1.98 3.37
Ag(100) -1.64 2.49 4.13
Au(100) -1.11 2.86 3.97
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Cu (100)

Ag (100)

Au (100)

HOMO LUMO

Figure D.13: HOMO and LUMO orbitals of HB238 molecule adsorbed on Cu (top), Ag (middle) and Au
(bottom) respectively. All calculations are performed with r2SCANh
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orbital visualisations and energy alignments demonstrate how different surfaces governs both the
degree of hybridisation and the renormalised level alignment of HB238.

D.6 Conclusion
In this study, we investigated the adsorption behavior and electronic structure of an isolated merocyanine
molecule HB238 on Cu(100), Au(100), and Ag(100) surfaces using the MACE/BOSS framework,
projected density of states and core-level spectroscopy simulations. Geometry optimizations revealed
that the molecule adopts a flat-lying configuration on all surfaces, with the strongest adsorption energy
observed on Cu(100), consistent with shorter adsorption distances. The site-specific bonding strength
of sulfur atoms on metal surfaces follows the trend: Cu > Ag > Au.

Sulfur L2,3-edge (S 2p) XAS spectra demonstrated a progressive reduction in donor–acceptor
spectral splitting upon adsorption in the series Cu → Ag → Au. The largest splitting is observed on
Cu(100), suggesting partial neutralization of the molecular dipole through surface-mediated charge
redistribution. PDOS calculations further show that the band gap of the HB238 molecule increases
upon adsorption on coinage metal surfaces.

Together, our results highlight how metal surface reactivity governs the degree of electronic
perturbation in adsorbed dipolar molecules, with implications for the design of molecular electronic
interfaces and optoelectronic devices.
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