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ABSTRACT: Configurational landscapes of metallic nanoclusters &8,
(NCs), particularly identifying thermodynamically relevant basins ; r\_)d(-)

under the combined effects of charge state and temperature, remain
a major challenge for catalytic applications. This work introduces an
unsupervised machine-learning framework based on nonlinear
dimensionality reduction, including sketch-map, t-SNE/FIt-SNE, <
and UMAP, to decode the high-dimensional configurational space < D
and physicochemical properties of bare Au,;. By combining density :
functional theory-based replica-exchange Born—Oppenheimer mo- .

lecular dynamics with Boltzmann reweighting via the multistate °

Bennett acceptance ratio, we constructed probability surfaces at 300 DI m Red

K from multiple-temperature canonical ensembles. From 2160000

sampled configurations, this framework projects complex atomistic

trajectories onto low-dimensional manifolds that retain structural similarity, basin connectivity, and thermodynamic relevance. The
resulting landscapes reveal that charge state and temperature cooperatively modulate the 2D/3D competition in Au,s; cationic and
neutral clusters retain significant populations in fluxional 3D basins, whereas anionic clusters show pronounced migration toward 2D
and quasi-2D regions. Local coordination, chirality, and the center of gravity of occupied d-states further connect configurational
sampling to electronic reactivity and chiral-site formation. Implemented in the DimRedPy workflow, this strategy offers a
transferable and reproducible route for decoding structure—property relationships in fluxional NCs under more realistic operating
conditions.

1. INTRODUCTION

Metallic nanoclusters (NCs) exhibit unique properties because
of their small size. Every atom in these clusters can participate
in chemical reactions. When NCs interact with a surface, the
support can significantly alter their electronic structure, charge
distribution, and adsorption behavior.'™ This interaction

ground-state geometry.”>>’ The total controlled design of
new materials for specific purposes is highly sought for Au NCs
~1.0 nm) and sub-NCs (<1.0 nm),”® aiming for a better
understanding of the morphology—property relationship. For
catalytic selectivity and performance, a key challenge is
identifying dominant configurations within the thermodynamic

creates new active sites at the interface that do not exist in the
free cluster or on the bare surface. Among metallic NCs, Au
NCs are especially attractive because they exhibit high activity
and selectivity in a wide range of catalytic processes,” "

. . . . 9,10
particularly as promising candidates for H, production™ " and
. . . . 11-14

photocatalysis across diverse chemical environments,
15-20

including ligand-protected and surface-supported systems.

Due to their very small size, the evolution of possible
morphologies is highly sensitive to the chemical environment
and thermodynamic conditions, such as ligand-exchange
dynamics,”"** temperature, and charge effects.””** This
pronounced structural sensitivity reflects the intrinsic fluxion-
ality of subnanometer metal clusters wherein thermal
excitation, environmental changes, or charge variations trigger
dynamic structural interconversion across accessible potential
energy basins rather than confining the system to a single, rigid
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ensemble, particularly 2D and 3D configurations,” since
higher catalytic activity has been reported in specific contexts
for 2D conﬁgurations.30 Moreover, chiral NCs are promising
candidates for nanocatalysis, as even icosahedral Au,; NCs can
exhibit chirality’"*” arising from asymmetric ligand arrange-
ments or intrinsic distortions of the metal kernel.*> However,
considering the impact of charge states in Au sub-NCs is
crucial in operando, given their significant role during catalytic

reactions,>”** in which, under temperature, multiple config-
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Figure 1. Schematic representation of the computational workflow used to map the configurational landscape of Au;; NCs. (a) Replica-exchange
Born—Oppenheimer molecular dynamics (RE-BOMD), based on density functional theory (DFT), was carried out for planar, nonplanar, and high-
symmetry initial structures in cationic (+), neutral (0), and anionic (—) charge states. We sampled 12 replicas per structure over the temperature
ladder from 250.00 to 840.00 K, generating 2160000 configurations. (b) Coordination histograms extracted from the BOMD trajectories define a
13-dimensional configurational descriptor, which is embedded into a two-dimensional latent space using t-distributed stochastic neighbor
embedding (t-SNE), Uniform Manifold Approximation and Projection (UMAP), and sketch-map. The resulting projections reveal morphological
basins and low-density regions connecting structurally distinct configurational regions among planar, nonplanar, and intermediate configurations.
(c) The NLDR projections are employed within a multiple-thermodynamic-ensemble canonical framework and reweighted using the multistate
Bennett acceptance ratio (MBAR), yielding probability surfaces at 300 K derived from free-energy estimates.

urations may coexist at a given size.*>"” Based on this, one
question arises: how to rationalize the myriad possibilities
based on the thermodynamic basin mapping of sub-NCs when
different charge states (e.g., cationic, neutral, and anionic) are
considered?

First-principles calculations (i.e., an ab initio approach based
on density functional theory—DFT) have played a crucial role
in understanding the structural and electronic properties of a
wide range of systems, since the computed electronic structure
can be qualitatively or semiquantitatively correlated with
experimental measurements, e.g., ultraviolet photoelectron
spectroscopy38 and inverse photoemission spectroscopy.39’40

In this context, bare and anionic NCs and sub-NCs Aus,_) in
the size range n = 4—25 are widely investigated by using
photoelectron spectroscopy and trapped-ion electron diffrac-
tion in combination with DFT calculations,*'~* highlighting
the importance of explicitly considering charge states in the
characterization of these systems. Despite the generally good
agreement between the experimental and theoretical data,*® a
gap often remains between the physical systems probed
experimentally and the models typically explored in
simulations. Consequently, theoretical studies have frequently
focused on describing charge-state or temperature effects
separately. This leaves open the challenge of developing a
unified framework to rationalize the structural and phys-
icochemical properties of NCs under the combined influence
of charge state and temperature.

Concerning temperature effects, not only is the structural
evolution yielded from them, but they can also be understood

as a strategy of configurational mapping for a particular system
described by a connected thermodynamic basin,* kinetic
restructuring barriers,”” state-to-state interconversion path-
ways,”' and thermalization time scales of fluxional clusters.>”
Through ab initio simulations, this configurational landscape is
typically accessed through molecular dynamics simulations by
considering Born—Oppenheimer molecular dynamics
(BOMD), from which a new challenge emerges: the large
volume of data generated to be treated and rationalized,
making it difficult to obtain a straightforward interpretation
based solely on chemical intuition.”>** In this context,
unsupervised machine-learning-based nonlinear dimensionality
reduction (NLDR) methods have increasingly been employed
to unravel the configurational spaces sampled by atomistic MD
simulations, including those of NCs and sub-NCs. Among
NLDR methods, t-distributed stochastic neighbor embedding
(t-SNE)*° has long been one of the most powerful and widely
used approaches across diverse applications.”*™>* More
recently, Uniform Manifold Approximation and Projection
(UMAP)* has gained significant popularity owing to its
improved computational efficiency and scalability, together
with its ability to capture both local and global structural
relationships in the data, making it particularly suitable for
large data sets.®”"%% In contrast to these more general-purpose
manifold-learning approaches, the sketch-map algorithm was
specifically designed for atomistic systems and has been
demonstrated in studies of polymers and Lennard-Jones
NCs,>>** as well as in investigations of the core—shell behavior
of Au,s, Auyg, and Auyy NCs.™ In the latter case, sketch-map
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was employed as a robust framework for constructing
probability surfaces based on multiple thermodynamic canon-
ical ensembles, in combination with the multistate Bennett
acceptance ratio (MBAR) method.**

Using NLDR algorithms to map the configurational
landscape of sub-NCs—describing their thermodynamic basins
for the 2D < 3D competition under temperature effects—
could open a new avenue for embedding methods, given the
causal link between structural features and selectivity in
nanocatalysed reactions.*®> From a broader representation-
learning perspective, this idea is conceptually connected to
World Models and Joint-Embedding Predictive Architectures
(JEPAs), in which high-dimensional dynamical information is
organized into a latent space that preserves the variables most
relevant to the evolution and prediction of the system.®®~®®
Here, rather than learning an autonomous predictive agent, we
use this principle to construct chemically interpretable latent
maps of atomistic trajectories, where proximity in the
embedding reflects configurational similarity, thermodynamic
recurrence, and the emergence of dominant structural motifs.
Accordingly, we developed an innovative integration of t-SNE,
UMAP, and sketch-map and constructed a multiple-thermody-
namic canonical ensemble in combination with MBAR. Our
framework, based on BOMD with a replica-exchange strategy,
efficiently maps the configurational space of Au;; sub-NCs
while accounting for charge-state effects. This feature has not
been systematically addressed for this class of systems. Thus,
by decoding the most probable configurations of bare Au;
clusters at +, 0, and — charge states, our approach allowed us
to construct probability surfaces whose thermodynamic basins
successfully distinguish the configurational occurrence of

Aug‘o’_), particularly 2D, 3D, and intermediate structures at
300 K, calculated over a multiple-thermodynamic canonical
ensemble. To ensure reproducibility,””~”" meet the TRUE and
FAIR principles,72_74 and facilitate further applications, we
also built a library that integrates t-SNE, UMAP, and sketch-
map into a unified workflow, allowing users to perform their
own NLDR calculations and reproduce the results presented
here.

2. METHODOLOGY
2.1. Workflow and Data

Figure 1 summarizes the workflow employed in this work,
outlining the protocols used for configurational landscape
mapping and human-interpretable rationalization of the large
volume of atomistic data. The following subsection discusses
these protocols in detail. We started from three representative
initial configurations of Au,;: a 2D structure, a 3D putative
global minimum configuration (pGMC), and an icosahedral
structure (ICO) with high symmetry, the latter being included
to account for a core—shell-like structural motif. Each
configuration was used as the initial structure for 12 replicas
distributed along an increasing temperature ladder, namely,
250.00, 281.00, 312.00, 351.00, 390.00, 440.00, 487.00, 548.00,
608.00, 684.00, 760.00, and 840.00 K, considering cationic,
neutral, and anionic charge states. These replicas were
simulated using DFT-based replica-exchange Born—Oppen-
heimer molecular dynamics (RE-BOMD) under nonperiodic
boundar;l’ conditions, as implemented in the FHI-aims
package,”” as shown in Figure la.

We performed the RE-BOMD simulations for a total of 40
ps, attempting temperature exchanges every S MD steps

according to the Metropolis criterion.”””” All sampled
configurations were then represented by coordination histo-
grams, yielding a 13-dimensional configurational descriptor
that was used as input for interpretable NLDR techniques,
namely. sketch-map, UMAP, and t-SNE, to obtain two-
dimensional projections, as shown in Figure 1b. The resulting
projected spaces preserve the structural similarity encoded in
the high-dimensional coordination histogram representation,
allowing the configurations sampled along the RE-BOMD
trajectories to be organized into low-dimensional maps.

We then combined these NLDR projections with total
energies from the RE-BOMD simulations to define multiple
thermodynamic canonical ensembles. This information was
then employed to construct probability surfaces through the
MBAR method, as illustrated in Figure 1lc. These probability
surfaces enable the identification of the most probable
configurations by forming thermodynamic basins at a given
reference temperature. Additionally, we organized a structural-
analysis protocol in which the configurational similarity
sampled throughout the RE-BOMD simulations is correlated
with structural parameters, described in the Supporting
Information, such as the radius of gyration (Rg), effective
coordination number (ECN), and radial distribution function
(RDF or g(r)). We also introduced a procedure to calculate
the Hausdorff chirality measure (HCM) and correlate it with
the center of gravity of the occupied d-states (e4). We
implemented this workflow in DimRedPy, a domain-agnostic
computational library that integrates t-SNE, UMAP, and
sketch-map within a unified Python protocol, along with
MBAR-based thermodynamic reweighting, enabling users to
perform their own NLDR calculations and reproduce the
probability surfaces reported in this work. The implementation
is publicly available at https://github.com/Celso0408/
Decoding-Au-clusters. The repository provides all the
information required to install and use the library, including
the DimRedPy documentation, API usage, parameter
settings, verification suite, and instructions for reproducing
the calculations presented here.

2.2. Born—Oppenheimer Molecular Dynamics

To incorporate temperature effects and enhance the sampling
of the configurational space, we performed ab initio replica-
exchange Born—Oppenheimer molecular dynamics (RE-
BOMD) simulations based on density functional theory
(DET).*"* Given the well-known competition between planar
(2D) and three-dimensional (3D) morphologies in Auj;
NCs,”® we selected the lowest-energy 2D and 3D structures,
together with the highly symmetric icosahedral (ICO) motif,
as starting points for the simulations. For each cationic (+),
neutral (0), and anionic (—) charge state, 12 replicas of each
initial configuration were distributed across the temperature
ladder of 250.00, 281.00, 312.00, 351.00, 390.00, 440.00,
487.00, 548.00, 608.00, 684.00, 760.00, and 840.00 K, as
shown in Figure la.

This setup was motivated by the previously discussed
fluxional behavior of the Au,; clusters. In particular, neutral
Auy; has been reported as a highly fluxional cluster, exhibiting
facile interconversion among 3D structures, even at low
temperatures.76 In contrast, anionic Au;; may experience
restricted access to particular regions of the configurational
space, so that high-temperature sampling becomes important
to overcome the barriers required to reach the corresponding
2D morphological minima.”” The RE-BOMD approach allows
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simultaneous simulations at multiple temperatures, in contrast
to sequential temperature protocols, thereby providing higher
efficiency in escaping local minima and exploring high-energy
regions of the probability surface as a function of the charge
state.

Each trajectory was propagated at the temperature assigned
to its replica, and exchanges between replica pairs were
attempted after a predefined number of MD steps according to
the Metropolis acceptance criterion. This criterion assesses
whether swapping the temperature labels between two replicas
preserves detailed balance given the difference in their
potential energies and inverse temperatures. In the present
simulations, we attempted exchanges every S MD steps,
corresponding to 0.01 ps for a time step of 2 fs. The RE-
BOMD simulations were propagated for a total of 40 ps,
yielding 20000 sampled configurations per replica and 240000
configurations per initial structure. Because we used three
initial geometries (2D, 3D, and ICO) and three charge states
(cationic, neutral, and anionic), the full data set comprised
2160000 sampled configurations.

As a high level of accuracy is required for ab initio RE-
BOMD, we performed DFT calculations using the all-electron
full-potential formalism implemented in the FHI-aims pack-
age.75 Numerically generated atomic orbitals (NAOs)*® were
used as basis sets to describe all electrons, employing tight
numerical settings and the tier-1 basis set to provide an

accurate description. Since the Aug’o’_) NCs were treated as
isolated finite systems within the localized NAO formalism
implemented in FHI-aims, no periodic boundary conditions or
supercell representations were employed. Consequently, no
compensating background charge or Makov—Payne-type
electrostatic correction was required for the charged systems.

The exchange-correlation energy was described using the
Perdew—Burke—Ernzerhof (PBE) functional,®’ including
many-body dispersion (MBD) interactions®> to account for
nonlocal correlation effects. A total-energy convergence
criterion of 1 X 107 eV was adopted for the self-consistent
field cycle. Relativistic contributions were treated using the
atomic zeroth-order regular approximation (ZORA),* derived
from the Dirac equation. Canonical sampling in the NVT
ensemble was performed using the stochastic Bussi—Donadio—
Parrinello thermostat,”* with a time step of 2 fs for the
numerical integration of the MD equations. We used a
Gaussian broadening of 5 meV for the electronic occupations
to aid convergence.

To distinguish the morphologies of the configurations
visited along the full trajectory, particularly between 2D and
3D structures, we employed coordination histograms as
collective variables that describe each configuration in a
high-dimensional space, as previously introduced by Ceriotti.>*
In this representation, the ith bin of the histogram corresponds
to the fraction of atoms in the cluster having coordination
number i, i.e., atoms that have i neighbors within a predefined
bonding threshold, as shown in Figure 1b. The maximum
coordination number was 12, yielding histograms of dimension
13, ranging from O-fold-coordinated atoms, representing
detached or evaporated atoms that were not observed in this
study, to 12-fold-coordinated atoms. Although this descriptor
reduces dimensionality from 3N Cartesian coordinates to a 13-
dimensional representation, it retains the cluster’s essential
bonding topology and is invariant under rigid translations and
rotations.

To explore the high-dimensional configurational space, we
then analyzed these configurations using nonlinear dimension-
ality reduction techniques—sketch-map, UMAP, and FIt-
SNE—yielding low-dimensional representations that preserve
structural similarities relevant to the configurational organ-
ization. Our goal is to obtain a two-dimensional projection that
separates structurally distinct regions associated with 2D, 3D,
and quasi-2D morphologies while preserving the connectivity
between configurations sampled along the molecular dynamics
trajectories. By identifying the most-visited configurations
within the stability basins, the projection provides a structural
framework for evaluating the most probable configurations and
the relative free-energy differences between basins, which we
estimated using the multistate Bennett acceptance ratio
(MBAR) method as a Boltzmann reweighting approach.

2.3. Nonlinear Dimensionality Reduction

To unravel the high-dimensional configurational space
sampled by RE-BOMD, we employed nonlinear dimensionality
reduction (NLDR) techniques to project the 13-dimensional
coordination-histogram descriptors into two-dimensional
latent representations. In this framework, each configuration
is represented by a point in the low-dimensional space, and the
relative proximity between points reflects their configurational
similarity, as defined by each method’s metric and optimization
criterion. The charge-state and structural labels were not used
during optimization; they were introduced only after
projection for visualization and interpretation. Therefore, the
resulting maps provide an unsupervised representation of the
configurational landscape, allowing the identification of regions
associated with 3D, 2D, and quasi-2D morphologies, with
regions of sparsely sampled configurations connecting them.

In this work, sketch-map, FIt-SNE, and UMAP were used as
complementary NLDR methods. We used sketch-map as the
reference method because it was designed for atomistic
configurational landscapes and provides direct control over
the distance scale preserved in the projection. We used FIt-
SNE as a fast interpolation implementation of t-SNE, enabling
analysis of large data sets while preserving the ability to reveal
clustered structures. UMAP was considered for its computa-
tional efficiency and graph-based representation of local
neighborhood relationships. For each method, all charge states
were embedded into the same configurational space, allowing a
direct comparison of the regions most frequently sampled by
Aug), Augg), and Aug).

2.3.1. Sketch-Map. Sketch-map™® is a nonlinear dimen-
sionality-reduction algorithm designed to analyze molecular
simulation data, preserving meaningful structural similarities by
projecting high-dimensional configurations into a low-dimen-
sional space. Starting from a set of pairwise dissimilarities D;;
between configurations in the high-dimensional coordination-
histogram space and the corresponding distances d;; in the
reduced representation, sketch-map determines the optimal
low-dimensional embedding by minimizing the stress function:

)(2 = Z Wij [F()',A,B(Dij) _f(r,a,b (dz;)]z
i<j (1)
where w;; are optional non-negative weights assigned to each
pair of points and F, . and f,,, are sigmoidal transformation
functions applied to pairwise distances in the high- and low-
dimensional spaces, respectively. Both functions share the
same functional form:
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E R =1-|1+ zA/B—i(B) B="
5,a,8(R) ( ) - 2) j 2N (6)
where N is the number of data points.
and In the low-dimensional embedding, pairwise similarities are
modeled by a Student’s t-distribution with one degree of
/b A\ freedom,
£, =1— 1+ (2 —1)(—)} .
g o ®) I+ ly, - yll")

where R = D;;and r = d; denote pairwise distances in the high-
and low-dimensional spaces, respectively. The parameter o
defines the critical length scale that the algorithm prioritizes
during optimization. Thus, distances close to ¢ are emphasized,
whereas very small intrabasin distances and very large
interbasin distances are progressively down-weighted. The
exponents (A,B) and (a,b) control the sharpness of the
sigmoidal transition in the high- and low-dimensional spaces,
respectively, with larger values yielding a sharper separation
between distance regimes.

Because y* is a nonconvex function and becomes
increasingly stiff as the sigmoid sharpens, direct minimization
is impractical. Instead, the optimization proceeds in two stages:
an initial linear multidimensional scaling step provides a
starting configuration, which is then refined by iteratively
minimizing eq 1 with the full sigmoidal transformations. These
nonlinear mappings allow the final projection to capture the
connectivity between metastable basins and transition regions,
while discarding irreproducible fine-grained structures within
basins and the relative positions of distant, weakly related
states. In the present work, the adopted sketch-map parameters
were 6 = 1.2, A = 10.5, and B = b = a = 1.0, selected after
evaluating the pairwise-distance distribution of the coordina-
tion-histogram descriptors and the resulting separation among
3D, 2D, and quasi-2D regions. The original sketch-map code is
available at https://github.com/lab-cosmo/sketchmap.

2.3.2. t-Distributed Stochastic Neighbor Embedding
and FIt-SNE. t-distributed stochastic neighbor embedding (t-
SNE)>’ is one of the most widely used unsupervised nonlinear
dimensionality reduction techniques, particularly effective at
revealing clustered structures in high-dimensional data sets.
The method constructs a low-dimensional representation by
first defining a conditional Gaussian probability for the
similarity between points i and j in the high-dimensional space,

eXP(—”X,- - X;'”z/zo'iz)
P =
M T ep(=lix = x I /207) @

where x; and x; are the high-dimensional descriptors and o; is a
locally adaptive bandwidth determined pointwise by enforcing
a fixed perplexity on the conditional distribution P;
Specifically,

Perp(P) = 2@ and H(P) = Z Py, log, p »
(%)

where H(P,) is the Shannon entropy and perplexity is a
user-defined hyperparameter controlling the effective number
of neighbors considered around each point. Larger values of
perplexity broaden o, emphasizing more global structural
relationships, whereas smaller values focus on finer local
neighborhoods. The joint probability in the high-dimensional
space is then obtained by symmetrization,

B B O Ty = Y )
where y; and y; are the low-dimensional coordinates. The heavy
tail of this distribution alleviates the crowding problem by
allowing moderately dissimilar points to be placed farther apart
in the embedded space. The optimal embedding is obtained by
minimizing the Kullback—Leibler divergence between the
high- and low-dimensional probability distributions,

KL(PIQ) = Z Zplog =
q; (8)

This objective penalizes cases in which high-dimensional
neighbors are mapped far apart in low-dimensional space,
thereby emphasizing the preservation of local neighborhoods.

Despite its broad applicability, standard t-SNE scales

approximately as O(N”) in both memory and computational
cost, making it prohibitive for very large data sets.**** To
overcome this limitation, we employed Fast Interpolation-
based t-SNE (FIt-SNE),* which accelerates the evaluation of
repulsive forces through polynomial interpolation and the Fast
Fourier Transform (FFT), reducing the computational cost to
approximately O(Nlog N) while retaining the ability of t-SNE
to identify clustered configurations. In the implementation
used here, the main projection parameters were perplex-—
ity, max_inter, and early exag coeff. The
perplexity parameter determines the effective neighbor-
hood size in the high-dimensional space, max inter
controls the interpolation-mediated approximation of the
repulsive interactions, and early exag coeff governs
the initial exaggeration phase that promotes the formation of
separated but connected clusters during early optimization.
After testing the sensitivity of the projection to these
parameters, the adopted values were perplexity = 250,
max inter = 1000, and early exag coeff =
1000. The original FIt-SNE code is available at https://
github.com/KlugerLab/FIt-SNE.

2.3.3. Uniform Manifold Approximation and Projec-
tion. Uniform Manifold Approximation and Projection
(UMAP)* is a nonlinear dimensionality reduction method
grounded in fuzzy topological theory and manifold learning.
Owing to its favorable balance between computational
efficiency and preservation of neighborhood relationships,
UMAP has become a widely used alternative to t-SNE for large
data sets."~* Similar to t-SNE, UMAP starts by constructing
a weighted graph representing the local connectivity of the data
in the high-dimensional space. For each point, edge weights are
assigned through a locally adaptive kernel,

max(0, d(x; x;) — p,)
Oi ©)

where d(xi,xj) is the pairwise distance computed according to
the selected metric, p; is the distance from point i to its nearest

wy; = exp|—
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neighbor, and o; is a locally adaptive bandwidth. The
subtraction of p; ensures that each point has at least one
neighbor with strong connectivity, making the graph
construction less sensitive to variations in local density. The
bandwidth o; is determined by enforcing a fixed local
connectivity condition,

k
2. i = log, (k)
j=1 (10)

where k corresponds to the n_neighbors hyperparameter.
Larger values of n neighbors include more global
information in the graph, whereas smaller values emphasize
finer local relationships. The directed weights are then
symmetrized through the fuzzy union operation,

wy = wy; Wy — Wy, (11)

The metric parameter defines the distance function used
to compare the high-dimensional coordination-histogram
descriptors. Three candidate metrics were evaluated in this
work: the euclidean distance,

deye = |Ix; — Xj”z (12)
which treats all dimensions as independent and equally scaled;
the cosine distance,

XX

Il 111l (13)

Ccos

which measures angular separation and is less sensitive to
vector magnitude; and the mahalanobis distance,

doan = \/(x, - xj)TS_l(xi - x)) (14)

where S is the sample covariance matrix of the descriptor space
or its regularized inverse when required. The Mahalanobis
metric accounts for interfeature correlations and heteroge-
neous scaling among histogram components, reducing to the
Euclidean distance when S = L

In the low-dimensional space, UMAP models the edge
weights as

A b —
;= (1 + ally, - yIB) (15)

where y; and y; are the embedded coordinates. The parameters
a and b are determined by fitting a smooth curve controlled by
min_ dist, which defines the minimum distance allowed
between nearby points in the low-dimensional representation.
Smaller values of min dist allow tighter packing and
sharper cluster boundaries, whereas larger values lead to more
diffuse embeddings. The optimal embedding is obtained by
minimizing the binary cross-entropy between the high- and
low-dimensional fuzzy graph representations,

w; 1—w,
L= Z Z wjlog <+ (1 - w)log &
- = W 1 —w;

i j Y Y (16)

This objective penalizes both false connections and false
disconnections between the high- and low-dimensional graphs,
unlike the asymmetric KL divergence used in t-SNE.

In the present work, the UMAP projections used for the
MBAR analysis were generated with metric = "mahala-
nobis”, n neighbors = 50, and min dist =
0.001, which provided the best compromise between

structural separation and the preservation of connectivity
among 3D, 2D, and quasi-2D configurations. UMAP
projections were performed using the Python implementation
available at https://github.com/Imcinnes/umap.

Finally, we integrated all NLDR calculations into the
DimRedPy workflow developed in this work, which provides
a unified protocol for applying sketch-map, FIt-SNE, and
UMAP to coordination-histogram descriptors and for using the
resulting two-dimensional projections as collective variable
spaces for subsequent MBAR reweighting. The implementa-
tion is publicly available at https://github.com/Celso0408/
Decoding-Au-clusters and includes the information needed to
install and use the library, including documentation, API usage,
parameter settings, verification scripts, and instructions for
reproducing the calculations presented here.

2.4. Free-Energy Surface Calculation Method

We used the multistate Bennett acceptance ratio (MBAR)(’3 as a
Boltzmann reweighting framework to reconstruct probability and free
energy surfaces from multiple thermodynamic canonical ensembles
generated by the RE-BOMD simulations. MBAR is a statistically
optimal approach for combining samples collected from different
thermodynamic states to estimate free energy differences and
thermodynamic observables with minimum variance. It generalizes
the Bennett acceptance ratio (BAR),* which corresponds to the two-
state limit, and is formulated within the extended bridge sampling
formalism, in which all configurations sampled across all states are
treated collectively via importance sampling.*” Because of its
maximum-likelihood foundation, MBAR provides a rigorous route
to reconstruct thermodynamic observables from simulations carried
out at multiple temperatures.*>*’
In the present work, MBAR was applied independently for each
( (=)

charge state, since Aug), Aulg), and Aujy
electronic Hamiltonians and different electron numbers. Therefore,
we did not use MBAR to estimate free-energy differences between
charge states. Instead, for each charge state, we combined the
configurations sampled across the temperature ladder to reconstruct
charge-specific probability surfaces at a reference temperature, chosen
here as 300 K. We used three initial structures, namely, 2D, 3D, and
ICO, to improve configurational sampling, while the replica
temperatures defined the thermodynamic states in the MBAR
calculation.

For a given charge state, the reduced potential of configuration x,
evaluated at thermodynamic state k is defined as

correspond to distinct

u(x,) = BIU(x,) + Vi(x,)] (17)

where S, = (ksT})™', U(x,) is the DFT potential energy of
configuration x,, and V,(x,) represents an eventual biasing potential.
In the present unbiased RE-BOMD simulations, V;(x,) = 0, so that
the reduced potential is determined only by the DFT energy and the
temperature of the corresponding thermodynamic state. Since the
probability surfaces are configurational, kinetic-energy contributions
are integrated out and do not enter the relative configurational
weights. For numerical stability, the DFT energies can be shifted by a
constant reference value within each charge state, since constant
energy shifts do not alter the MBAR-reweighted probabilities.

Given K sampled thermodynamic states, with N; configurations
collected at temperature T, and N = YN, total configurations,
MBAR estimates the reduced free energies f, by solving the self-
consistent equations

n=1 ZkK=1NkeXplj;c - uk(xn)] (18)

fx_ = —In

Once the reduced free energies are obtained, the normalized
statistical weight of configuration x, in a target thermodynamic state i
is given by
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exp[)?i - ui('xn)]
Yo Neexplf, — u(a,)] (19)

These weights satisfy ),,W,; = 1 and allow the reconstruction of
equilibrium averages at any sampled or reweighted thermodynamic
state. In particular, the 300 K reference state was treated as an
evaluation state by computing its reduced potential for all
configurations sampled along the RE-BOMD trajectories.

To construct the probability surfaces, the two-dimensional
coordinates obtained from the NLDR projections were used as
collective variables,

S(xn) = [Sl(xn)’ Sz(xn)] (20)

where s(x,) corresponds to the sketch-map, FIt-SNE, or UMAP
coordinates of configuration x,. The projected space was discretized
into two-dimensional bins, and the MBAR-reweighted probability
associated with each bin B, at the target state i was calculated as

ni

N
B(B) = 3 W, Jis(s,) € B
' § ’ (21)

where 1[s(x,) € B] is an indicator function equal to one when the
projected configuration belongs to bin B; and zero otherwise. The
corresponding free-energy surface, or potential of mean force, is then
obtained as

E(B) = —kzTIn B(B)) + C (22)

where the constant C is chosen such that the global minimum satisfies
F.in = 0. Equivalently, the probability surfaces shown in this work are
reported as log(P), normalized with respect to the most probable bin,

log P(B) = In B(B)) — mlax[ln B(B))] (23)
so that log(P) = 0 corresponds to the highest-probability region of the
configurational landscape.

In practice, the workflow consists of i) assigning each RE-BOMD
configuration to the thermodynamic state corresponding to the
temperature at which it was propagated; ii) computing the reduced
potentials of all configurations over the temperature ladder and at the
300 K reference state; iii) solving the MBAR equations to obtain the
reduced free energies and statistical weights; iv) projecting the
configurations onto the two-dimensional NLDR coordinates; and v)
accumulating the MBAR weights in the projected space to construct
the probability and free-energy surfaces. Thus, the NLDR projections
provide the structural framework, whereas MBAR provides the
thermodynamic weighting required to identify the most probable
configurational basins and their connections.

The bin resolution used to construct the probability surface is a
user-controlled parameter: increasing the number of bins yields a
more detailed landscape but also requires higher sampling density to
avoid noisy or sparsely populated regions. Importantly, MBAR itself
does not require discretization of the energy space; binning is applied
only after statistical reweighting for visualization and interpretation of
the free-energy surface on the two-dimensional configurational map.
The MBAR calculations were performed using the Python
implementation available in pymbar: https://github.com/
choderalab/pymbar.

2.5. Energetic Properties and Catalytic-Relevant Electronic
Descriptors

To quantify the energetic stability associated with the 2D vs
3D competition, we computed the relative energy (AE,,) of
each optimized isomer with respect to the structure obtained
from the ICO starting motif. At T = 0 K, AE,; was defined for
each charge state g € {+,0,—} as

EW. = EY - E&, (24)

rel,i

where Ei(q) and El(cq)o are the total energies of configuration i
and of the ICO-reference structure, respectively, both
evaluated at the same charge state and computational level.
Within this convention, AE, = 0 corresponds to the ICO
reference, whereas negative values indicate configurations
energetically more stable than the ICO-derived structure. We
applied the same definition to calculations with and without
many-body dispersion (MBD) corrections, allowing us to
directly assess the role of vdW interactions in the 2D/3D
energetic balance. These T = 0 K relative energies were used
only for the optimized-isomer stability analysis. In contrast, the
finite-temperature MBAR probability surfaces were con-
structed from the DFT potential energies of the configurations
sampled along the RE-BOMD trajectories.

Moreover, we assessed the average Au—Au bonding strength
through the binding energy per atom (E). To ensure charge
consistency between the cluster and the isolated-atom
reference, E;, was defined for each charge state g € {+,—} as

B — 1250 - B
13 (25)

Eé‘l) —

where E/(&)‘ , is the total energy of the Au; cluster in charge

(

state ¢, EA?J) is the total energy of a neutral isolated Au atom,

and Eﬁ({f is the total energy of an isolated Au atom carrying the
same charge as the cluster. For the neutral case, eq 25 reduces
to

ED, - 136
13 (26)

With this sign convention, more negative E;, values indicate
stronger average binding within the NC, while less-negative
values indicate weaker cohesive stabilization.

To characterize the electronic structure in a manner
commonly used in heterogeneous catalysis, we evaluated the
center of gravity of the occupied d-states (&4), which
corresponds to the average energy ¢ weighted by the occupied
d-projected density of states, ny(¢). This descriptor originates
from the d-band center model,”® widely used for transition-
metal surfaces, as it provides insight into catalytic activity by
revealing the relative positions of metal d-states with respect to
the frontier electronic levels.”" For extended metallic systems,
the d-band center is commonly referenced to the Fermi level
(Eg), which is well-defined as the electronic chemical potential.
However, for finite systems such as NCs, where the electronic
spectrum is discrete, the definition of E; becomes less
straightforward. Therefore, to enable consistent comparisons
across configurations and charge states, we adopted the
HOMO energy as the internal reference level. Moreover, &,
should be regarded as a comparative electronic descriptor
rather than as a direct measure of catalytic activity.

In this way, the occupied d-state center was calculated as

E]EIqO)MO
[0 (e = 6B uo)ni(e)de

fgl(-[‘]L%MO ﬂ(q)(E)dE
d 27)

— 00

EY =

géq) _

where eé%Mo is the HOMO energy of the cluster in charge
state g and nd(q)(e) is the density of occupied d-states projected

onto the Au atomic orbitals. For spin-polarized calculations,
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the spin components of the projected density of states were
summed before evaluating eq 27. Since the HOMO energy is
used as the reference, £; values are generally negative, and
larger, or less negative, values indicate that the center of the
occupied d-states lies closer to the frontier electronic level.
Within this convention, &4 is used as a comparative
descriptor of electronic reactivity among structurally related
configurations. Configurations with &y closer to the HOMO
level are expected to exhibit stronger interaction with
adsorbate molecular orbitals. In contrast, configurations with
more negative &4 values are associated with deeper occupied d-
states and, consequently, weaker electronic reactivity. There-
fore, the combined analysis of AE,, E, and &4 provides a
direct connection between thermodynamic stability, average

bonding strength, and catalytic descriptors for the Aug’o’_)

configurational landscape. Additionally, Hirshfeld charge”
analysis was performed to assess the charge distribution across

different sites within the 2D and 3D Au(Jr 0-) configurations.

3. RESULTS AND DISCUSSION
3.1. Systems at T = 0 K

Before addressing finite-temperature charge-state effects in

Au(+’0’_), we first analyzed the energetic and structural

(+,0,-)

properties of several Au); models at T = 0 K, previously

investigated for the neutral state.”®”® These structures were
named according to their morphology, namely, Biplanar
(BBP), Cuboctahedral (CUBO), Double Simple Cubic
(DSC), Hexagonal Bilayer (HBL), One-Folded Parallelogram
(OFP), Four-Folded Parallelogram (FFP), Three-Folded
Hexagon (TFH), and Icosahedral (ICO), as shown in Figure
2a. We computed their relative energies (AE,,) using eq 24,
with the ICO structure obtained via the Mackay scheme as the
reference.”” Previously, we highlighted the energetic contribu-
tions governing the 2D/3D competition in neutral Cu,;, Ag,;,
and Au,; clusters, demonstrating that vdW contributions
significantly modulate their relative stability.”® As depicted in

Figure 2b, the same trend is observed for Au : i) in the
absence of vdW corrections, the 2D-FFP motif is favored by
—0.47 eV; ii) the inclusion of MBD corrections destabilizes
this motif by +0.58 eV; and iii) consequently, a close energetic
competition emerges between the 3D-TFH and 2D-FFP
motifs, with only a 0.05 eV difference in AE, .

This vdW-induced modulation is also observed when charge
effects are introduced. For the cationic clusters, in addition to

the TFH — Cut Prism Box (CPB) transition, Au(+)

preferentially stabilizes in a 3D morphology after including
(=)

favors the 2D arrangement. It is worth notlng the ICO —
CUBO transition during geometry optimization for the
cationic state, as well as the TFH — Inverse Arrow Head
(IAH) transition for the anionic state. These transitions

(+)

associated with a tendency toward more symmetric config-
urations, which we suggest may be driven by their even
electron count, in contrast to the odd-electron character of

MBD corrections, whereas the anionic Au;;’ state always

observed for Auy;’ and Au13 , as detailed in Figure S1, could be

Augo) Furthermore, the incorporation of MBD corrections
changes the 2D/3D energetic balance in the cationic state,
shifting the 2D — 3D stabilization from +0.14 eV without vdW
corrections to —0.25 eV with MBD corrections. In contrast, for
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Figure 2. (a) Representation of Au,; structures in biplanar (BBP),
cuboctahedral (CUBO), double simple cubic (DSC), hexagonal
bilayer (HBL), one-folded parallelogram (OFP), four-folded paral-
lelogram (FFP), three-folded hexagon (TFH), and icosahedral (ICO)
configurations. (b) Relative energy (AE,,), calculated with respect to
the ICO configuration, and average binding energy (E,) obtained
with and without many-body dispersion (MBD) van der Waals
corrections. (c) Structural-parameter evaluation through the effective
coordination number (ECN), average bond distance (d,,), radius of
gyration (R,), and Hausdorff chirality measure (HCM). (d) Specular
image of distorted DSC (DDSC) and representative structural
(+-)

transitions of Au;;’
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the anionic state, MBD corrections reduce the 3D — 2D
stabilization from —0.62 eV without vdW corrections to —0.21
eV.

Through the calculation of the average binding energy (E,),
according to eq 25, one observes an increase in the magnitude
of E, across the sequence neutral — anionic — cationic.
Including MBD corrections consistently enhances bonding
interactions compared with the no-vdW protocol. For all
configurations, Ey, varies nearly linearly across the charge states,
with an average stabilization of approximately —0.11 eV/atom
from neutral to anionic and from anionic to cationic species.

Moving to the characterization of structural changes in

Aug’o’_) clusters, we analyzed the effective coordination
number (ECN), average bond distance (d,,), radius of gyration
(Rg), and Hausdorff chirality measure (HCM). As shown in
Figure 2c, no significant charge-induced variations are
observed for a given morphology, except for the anionic
DSC and HBL structures. Therefore, this observation
reinforces the importance of temperature effects in configura-
tional assessment under operando conditions. As previously
mentioned, upon the ICO — CUBO transition in the cationic
state, the anionic DSC structure distorts into a distorted DSC
(DDSC) configuration, as reflected by a slight increase in the
HCM value to approximately 0.0S. Figure 2d shows the
corresponding mirror image. Despite this distortion, and
although the anionic HBL configuration also transitions to
CPB, the transition structures remain essentially achiral, except
for the weak chirality induced in the DDSC motif.

To quantitatively distinguish between 2D and 3D structures,
we defined the following thresholds: ECN < 3.7S and R, >
3.75 A as indicative of 2D structures and ECN > 4.25 and R, <
3.00 A as characteristic of 3D morphologies. For d,,, values <
2.70 A correspond to 2D structures, whereas values > 2.75 A
correspond to 3D configurations.

3.2. Finite-Temperature Effects: RE-BOMD Calculations
and Structural Classification

We employed ab initio calculations within a RE-BOMD regime
to explore the configurational space of Aug’o’_) clusters across
multiple thermodynamic states, enabling a broad temperature
interval to sample the thermodynamic basins associated with
different structural patterns, as well as the connections among
them. Our RE-BOMD protocol attempts replica exchanges
according to the Metropolis acceptance criterion, whereby
temperature labels associated with 250.00, 281.00, 312.00,
351.00, 390.00, 440.00, 487.00, 548.00, 608.00, 684.00, 760.00,
and 840.00 K are swapped, or not, every 5 MD steps.”” This
procedure is suitable for efficient configurational mapping
through ab initio molecular dynamics.”® The effectiveness of
the sampling was confirmed by an average swapping rate
higher than 60% for all exchange attempts throughout the RE-
BOMD simulations (see Table S1 and Figure S2), indicating
efficient communication among replicas and supporting the
construction of multiple thermodynamic canonical ensembles
for each charge state.

Thus, as detailed in the Methodology section and
represented in Figure la, three initial configurations were
considered for each Aug’o’_)
2D configuration, the lowest-energy 3D configuration, and the
ICO structure as a high-symmetry reference. We propagated
each initial configuration using 12 replicas distributed along
the aforementioned temperature ladder. Therefore, with the

charge state: the lowest-energy

setup detailed in the Methodology section, the RE-BOMD
simulations yielded 2160000 points in the configurational
space of Aug’o‘_) clusters across the three charge states. Each
point corresponds to a DFT total energy, temperature, and
structural configuration. From these configurations, we used
coordination histograms to describe local atomic environ-
ments, yielding 13-dimensional vectors that define the high-
dimensional configurational space used as input for the NLDR
algorithms for structural classification.

3.2.1. Dimensionality Reduction. The sampled high-
dimensional configurational space obtained from the RE-
BOMD calculations—as schematized in Figure 1b—was
systematically analyzed through sketch-map, FIt-SNE, and
UMAP as NLDR techniques. The two-dimensional projections
preserve configurational similarities from the high-dimensional
space, thereby rationalizing the sampled structures and the
global differences in connectivity among densely sampled
regions, which can be interpreted as the competition between
2D and 3D structural patterns under temperature effects. Thus,
sparsely sampled regions correspond to transition config-
urations that connect densely sampled regions associated with
well-defined configurations because these regions have reduced
sampling probability due to higher energies and smaller
Boltzmann weight contributions.

Figure 3 depicts the two-dimensional projections obtained
for all configurations visited by the cationic, neutral, and
anionic charge states. These charge states are highlighted,
respectively, by blue, yellow, and red points, selected as 1 point
every 4000 MD steps from the full sampling shown in gray. We
embedded all charge states in the same configurational space to
identify which regions of the configurational landscape are
most frequently sampled during the RE-BOMD simulations for
each charge state.

We extensively tested the sketch-map, FIt-SNE, and UMAP
algorithms across their main metrics and hyperparameters to
identify the embeddings that best distinguish the 2D and 3D
configurational regions. Across all embeddings, cationic
configurations occupy a densely populated central region of
the projections. In contrast, the anionic configurations are
more prevalent in the outer regions of the configurational map,
as highlighted by the central and outer regions in Figure 3a—c.
Here, we observed that the neutral charge state occupies an
intermediate regime, bridging the preferred spatial distribu-
tions of the cationic and anionic NCs. This systematic
migration from central — outer regions from cationic —
anionic charge states is consistently captured by all three
dimensionality reduction methods. As shown later, the central
and outer regions correspond to 3D- and 2D-like config-
urations, respectively.

The resulting low-dimensional representations provide a
structural framework for identifying highly sampled configura-
tional regions that are separated by regions with sparsely
sampled configurations. We then quantified the corresponding
thermodynamic stability and free-energy differences between
these regions using the MBAR formalism. The influence of the
hyperparameters associated with each method, as well as the
values adopted in this work, is discussed in Section 3.4.1.

3.3. Probability Surface Interpretation
Aiming to identify the high-stability regions obtained from the
unsupervised NLDR approaches, in which the statistical

contributions of all configurations sampled within the 250
K—840 K temperature interval were considered, we employed
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Figure 3. (a) Sketch-map, (b) FIt-SNE, and (c) UMAP projections
obtained from the full trajectory, represented by gray points, and
separated by charge state. Blue, yellow, and red points correspond to
Aug) . Augg), and Aug), respectively. We subsampled the charge-state
configurations by selecting 1 point every 4000 MD steps from the full
sampling for better visualization. Colored points are 600 times larger
than gray ones.

the MBAR method to calculate probability surfaces for each
Au,; charge state through the protocol depicted in Figure 1c.
Although the RE-BOMD simulations were performed over a
set of temperatures, MBAR estimates probability surfaces from
a multiple-thermodynamic-canonical-ensemble perspective by
reweighting the sampled configurations to a reference

temperature, chosen here as 300 K. This protocol allows us
to construct thermodynamic basins and their configurational
connections using the logarithm of the resulting probabilities.
Since the free energy is related to the probability as F =
—kgTIn(P) + C, regions with larger log(P) correspond to lower
free-energy regions at the reference temperature for a given
charge state.*’

Because standard MD may suffer from kinetic trapping at
300 K, our RE-BOMD framework improves configurational
sampling by facilitating barrier crossing through exchanges
between low- and high-temperature replicas, reducing the risk
of trapping in local minima. Since replica exchange disrupts the
direct temporal continuity of the trajectories, the apparent
connections in the low-dimensional maps presented here
should not be interpreted as kinetic pathways but regions of
structural similarity connecting the high-probability config-
urations. We then feed the sampled configurations from the
resulting canonical thermodynamic ensembles into MBAR,
which we use as a statistical reweighting framework to
reconstruct the thermodynamic observables and probability
surfaces.

Figure 4 shows the impact of cationic and anionic charge
states on the probability surface of the Au;; cluster as a result
of the MBAR and sketch-map projection combination; the

neutral Augg) case is shown in Figure S3. In Figure 4a, most of

the probability associated with Aug) lies in the central region,
leading to a landscape characterized by multiple metastable
basins associated with distinct 3D configurations. This
behavior reflects the highly fluxional nature of these structures,
which interconvert through thermally accessible configura-
tional connections. One realizes that the presence of a positive
charge amplifies this behavior when compared to the neutral
Augg) state, since the transition Augg) - Aug) is accompanied
by a probability shift toward the central basins and by a
decrease in the outer regions associated with dominant 2D

configurational basins. This effect may be rationalized by the

increased electrophilic character of Au atoms in Aug) upon

electron removal, which favors higher coordination and,
consequently, the preferential formation of compact 3D
configurations.

Thus, competition among Au atoms for charge compensa-

tion further enhances the fluxionality of the 3D Aug)

structures, with charge dynamically delocalizing across the
NC. Figure S5a shows the Hirshfeld partial charges for the
cationic 2D and 3D configurations. Interestingly, both the
higher- and lower-coordinated atoms display the greatest
charge depopulation and the most pronounced cationic
character. The central atoms of the 3D-ICO/CUB and the
low-coordination atoms of the 2D-OFP/FFP configurations
exhibit partial charge populations higher than +0.10 e, whereas
atoms with intermediate coordination show lower values. The
high electrophilicity of Au, together with the tendency to avoid
highly cationic states, may contribute to the structural
preference for 3D configurations observed for the cationic
NCs at T = 0 K. Nevertheless, the combined electronic and
entropic contributions still favor the 2D over 3D config-
urations.

We identified basins related to TFH, IAH, CPB, and Prism
Box (PB) configurations, as represented with their coordina-
tion histograms in Figure 4a, which have been previously
reported as stable or metastable Au,; motifs in earlier studies

https://doi.org/10.1021/acs.jpca.6c05562
J. Phys. Chem. A XXXX, XXX, XXX—XXX

920z JequiaAoN 60 U0 Jesn MIHLOIEIF LI Aq pd 2955009 eadl s08/,8066689/2955009 82dI'S0€/|L 2010 L /10p/4pd-8jone/yead]/Bio-soe-sqnd woly pepeojumoq


https://pubs.acs.org/doi/suppl/10.1021/acs.jpca.6c05562/suppl_file/jp6c05562_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acs.jpca.6c05562/suppl_file/jp6c05562_si_001.pdf
https://pubs.acs.org/doi/10.1021/acs.jpca.6c05562?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jpca.6c05562?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jpca.6c05562?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jpca.6c05562?fig=fig3&ref=pdf
pubs.acs.org/JPCA?ref=pdf
https://doi.org/10.1021/acs.jpca.6c05562?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as

The Journal of Physical Chemistry A

pubs.acs.org/JPCA

(a) Structures of Au’Y at 300K from MBAR+Sketch-map

(b) Structures of Au{3’ at 300K from MBAR+Sketch-map
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Figure 4. Probability surface for (a) cationic Aug') and (b) anionic Au

(=)
13

nanocluster configurations at 300 K, calculated via MBAR as a function of

the sketch-map coordinates. For each selected structure, we also show the corresponding 13-dimensional coordination histogram and its acronym.

(a) Structures of Au(]? at 300 K from MBAR+FIt-SNE
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(b) Structures of Auﬁ;’ at 300 K from MBAR+FIt-SNE
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Figure S. Probability surface for (a) cationic Aug) and (b) anionic Au

(=)
13

nanocluster configurations at 300 K, calculated via MBAR as a function of

the FIt-SNE coordinates. For each selected structure, we also show the corresponding 13-dimensional coordination histogram and its acronym.

for different charge states.”””>™"" Interestingly, the TFH
isomer presents a notable probability of occurrence among
the 3D basins, despite the observation of a TFH — CPB
transition in the cationic state at T = 0 K, which reinforces the
importance of temperature effects. Moreover, the 2D-FFP
configuration also contributes to a high-probability basin in the

outer region for Aug). Together with the increased probability

of the 3D-TFH isomer, this finding highlights the crucial role
of temperature in increasing the population of configurations
that are less favored at T = 0 K.

Several trends observed in the cationic state also appear in

Augg), albeit with a distinct balance between the central and
outer regions. For the neutral cluster, the most probable basin
corresponds to the 2D-FFP configuration. However, a fraction
of the probability migrates from the central region toward the
outer region, where it becomes associated with the 2D-OFP

configuration and emerges as the second most probable basin.
This behavior shows that the charge state reduces the basin
depth associated with central 3D configurations, indicating
partial suppression of the fluxional behavior observed for the
cationic cluster.

For the anionic state, Figure 4b shows the opposite behavior
compared to the cationic system. Taking the transition of the
charge state as Augg) - Aug), a suppression of the fluxionality
associated with the 3D configurations in the central region is
observed, owing to an almost complete migration of
probability toward the outer regions of the surface. In this
case, the anionic cluster exhibits an additional distinctive
feature: the formation of basins with configurations inter-
mediate between 2D and 3D structures. Here, we refer to these
motifs as quasi-2D, since they exhibit structural signatures that

can be locally classified as either 2D or 3D patterns, as shown
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(a) Structures of Au'l‘;) at 300K from MBAR+UMAP

(b) Structures of Aul3” at 300K from MBAR+UMAP
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Figure 6. Probability surface for (a) cationic Aug) and (b) anionic Augg)

nanocluster configurations at 300 K, calculated via MBAR as a function of

the UMAP coordinates. For each selected structure, we also show the corresponding 13-dimensional coordination histogram and its acronym.

in Section 3.5. Thus, we label these configurations as Triangle
Opened Edge (TOE), Arrow Head (AH), and Edgeless Arrow
Head (EAH).

The Hirshfeld partial charges for the anionic configurations
shown in Figure S5c reveal a distinct charge distribution
depending on the configuration. The 3D configurations exhibit
excess charge distributed throughout the cluster, giving rise to
a repulsive electrostatic contribution. In contrast, the 2D and
quasi-2D configurations display slightly cationic (~+0.02¢) or
neutral central atoms, while the largest excess charge is
concentrated on the less-coordinated atoms (~—0.15e),
resulting in an attractive electrostatic character.

Thereby, the enhanced probability of 2D and quasi-2D

S) is consistent with the earlier

configurations for Au
discussion, suggesting that the excess electronic charge renders
the NC structurally softer. Under these conditions, Au atoms
can preferentially occupy less-coordinated sites, thereby
favoring the formation of more open structural motifs. This
structural flexibility increases the propensity for 2D and quasi-
2D configurations, in contrast to the cationic state. For
instance, the OFP configuration has the highest probability of
occurrence, again highlighting the temperature-induced shift in
stability relative to that observed for AH at T = 0 K in Figure
S4. This basin is followed by slightly shallower stability basins
for the FFP and TOE configurations, whereas the AH and

EAH structures have markedly lower probabilities.

Thus, although the dominant tendency of Aug) and Augg)
clusters to adopt compact 3D and quasi-2D configurations,
respectively, inferred from T = 0 K calculations is largely
preserved, thermal effects in the Aug’o’_) systems promote
enhanced stabilization, and consequently a higher probability,
of 2D configurations. Nevertheless, the influence of the charge
state remains clearly discernible: for Aug') and Augg) , central

regions associated with 3D configurations still host significant
probability basins, whereas for Aug), the probability is

predominantly displaced toward outer regions associated
with 2D and quasi-2D motifs. Therefore, these findings

highlight the strong interplay between charge and temperature
in determining the configurational landscape of Au,; clusters.

3.4. Probability Surface Reproducibility

Figure S presents the probability surfaces obtained from the
MBAR results projected onto the FIt-SNE coordinates, for
which the main observations remain consistent with those
obtained from the MBAR+sketch-map protocol. One observes
that MBAR+FIt-SNE consistently identifies the high-proba-
bility configurations associated with the outer 2D subregion,
while also distinguishing the basins related to the fluxionality of

the central 3D configurations for Aug) and Augg), and the
probability migration toward the outer quasi-2D subregion in

the case of Aug).

In contrast, the MBAR+UMAP results, shown in Figure 6,
do not reproduce the probability surfaces obtained by the
MBAR+sketch-map and MBAR+FIt-SNE protocols. Although
UMAP efficiently separates regions associated with 3D, quasi-
2D, and 2D configurations qualitatively, its embeddings are
more diffuse and less suitable for constructing the compact
low-dimensional regions required for stability basin identi-
fication. More specifically, 2D configurations, although
structurally identified as a distinct class, appear to be much
more dispersed in the projected space. This behavior does not
indicate that UMAP fails to distinguish the structural families;
rather, it indicates that the UMAP coordinates impose a
different geometric organization on the sampled points, which
affects the construction of probability basins when these
coordinates are used directly as collective variables for the
MBAR reweighting.

Insufficiently compact clustering, which is essential for
defining stability basins within a multiple-thermodynamic-
canonical-ensemble framework, biases estimates of the most

probable configurations. As a consequence, although MBAR
+UMAP reproduces the main features of the Augr) probability
surface captured by MBAR+sketch-map and MBAR+FIt-SNE,

it produces more diffuse embeddings that hinder the recovery
of the 2D-FFP basin for Au() (Figure $3) and the 2D-OFP
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basin for Augg) (Figure 6b). Instead, it assigns the highest

probability for Augg) to the quasi-2D TOE configuration.
Notably, these poorly resolved basins correspond to the
second-most-stable motifs according to the MBAR+sketch-
map and MBAR+FIt-SNE analyses. Thus, even when 2D
configurations are lower in free energy than their 3D
counterparts, increased sample dispersion within the 2D
regions of the UMAP embedding prevents these motifs from
being resolved as high-probability basins.

Overall, constructing reliable probability surfaces depends
not only on the structural separation achieved by the
dimensionality reduction method but also on its ability to
generate sufficiently compact regions that enable effective
clustering of the sampled configurational space. This
observation underscores the need to carefully tune hyper-
parameters to determine the optimal settings for each NLDR
algorithm, as discussed in the following.

3.4.1. Hyperparameter Evaluation. Despite the similar
global behavior of the projections in Figure 3, each method
separates configurational regions in markedly different ways.
The sketch-map projection reproduces the configurational
landscape remarkably well, revealing compact, densely
populated regions corresponding to specific configurations,
connected by sparse transition configurations that surround
and link them. Our earlier mention of sketch-map as the most
suitable approach stems from the fact that its hyperparameters
are directly tied to the pairwise-distance distribution in the
high-dimensional space, which the sketch-map code itself can
provide. It is important to emphasize that the embeddings
were evaluated qualitatively and visually, based on which
representation yielded the best physicochemical interpretation,
and the hyperparameters were optimized accordingly, given
that the analysis relies on the relative positioning of the
projected structures.

The parameter o, which is the most critical hyperparameter,
controls the length scale used to assess structural similarity and
should be chosen within the range between the Gaussian
fluctuations and the peak of the pairwise-distance distribution
in the high-dimensional space. Specifically, points separated by
distances smaller than o are considered similar, while those
separated by distances larger than o are considered distinct. As
a result, too small values of ¢ tend to overseparate the NC
structures into scattered regions, while too large values fail to
distinguish between them, as shown in Figure SS5. In addition,
the parameter b should be selected such that the sigmoidal
function approaches 1 before the distance histogram vanishes,
while also satisfying the relation a/A = d/D. Figure S6 shows
the pairwise-distance distribution for the sampled embedding
considered here. Based on these guidelines, we adopted the
recommended values as an initial reference. We tuned
hyperparameters to improve separation among regions
associated with 3D, 2D, and quasi-2D configurations.
Specifically, we set 6 = 1.2, A = 10.5,and B=b = a = 1.0.

FIt-SNE and UMAP, in turn, tend to impose defined
boundaries in the low-dimensional space, generating delimited
regions whose shapes may reflect the structures of the
underlying high-dimensional manifold. They differ mainly in
how dispersed or clustered the points are within the bounded
areas.

FIt-SNE exhibited the widest variability, ranging from highly
dispersed embeddings to overclustered representations de-
pending on the chosen parametrization. As in the original t-

SNE formulation, the key parameter is perplexity, which
controls the effective number of nearest neighbors considered
in the high-dimensional space and is used to determine the
point-specific Gaussian bandwidth o, Larger perplexity
values lead to broader o, emphasizing more global structures,
whereas smaller values focus on local relationships. In our
analysis, we started from the FIt-SNE default value of 30 and
increased it up to 250. As shown in Figure S7a, the embedding
evolves from a highly dispersed configuration to more
structured, clustered, and interconnected regions; however,
above 200, we observe no significant qualitative changes.

As highlighted in previous studies,’®**"" parameters related
to the approximation of pairwise interactions, such as
max_inter, as well as the early exaggeration factor,
early exag coeff, play important roles in the embed-
ding projection. The max_ inter parameter limits the
number of interpolation-mediated interactions used to
approximate repulsive forces, thereby controlling the number
of pairwise interactions that are explicitly resolved. Too few
interactions lead to excessive, artificial clustering, whereas too
many interactions increase the computational cost. As shown
in Figure S7b, we observe an optimal regime in which
connectivity is maximized without losing structural coherence;
beyond this point, the embedding begins to dissolve into
poorly defined clusters.

In contrast, early exag coeff governs the balance
between global dispersion and cluster separation during the
early phase of optimization without substantially altering the
overall projection shape. Low values yield diffuse embeddings
with poorly defined cluster boundaries, whereas high values
compress clusters excessively, reducing intercluster connectiv-
ity. As illustrated in Figure S7c, the optimal regime
corresponds to well-separated yet interconnected structures.
On the basis of these observations, the best compromise was
achieved with perplexity =250, max_inter =1000,
and early exag coeff = 1000, which were sub-
sequently adopted for the MBAR calculation.

UMAP, unlike FIt-SNE, demonstrated greater robustness to
parameter variations, consistently producing embeddings with
a well-defined separation between 2D and 3D regions. First,
the metric parameter defines the pairwise-distance function
in the high-dimensional space. Common choices include the
euclidean metric, which treats all dimensions as
independent and equally scaled, and the cosine metric,
which measures the angular similarity between the feature
vectors. However, these metrics proved inadequate for
capturing structural differences among NCs, resulting in
scattered, poorly clustered regions, as shown in Figure S8a.
To address this limitation, we evaluated the mahalanobis
distance, which incorporates the full covariance structure of the
data and effectively normalizes the correlated and heteroge-
neously scaled dimensions. This metric proved to be
particularly well-suited for the coordination-histogram descrip-
tor, yielding projections with improved separation between 2D
and 3D regions.

After computing the distance, UMAP constructs a weighted,
fuzzy graph in the high-dimensional space, where the
hyperparameters n _neighbors and min dist control
the connectivity between points. The n neighbors
parameter determines the number of nearest neighbors
considered for each point, thereby setting the scale of the
local connectivity. As shown in Figure S8b, smaller values
produce scattered projections, whereas larger values incorpo-
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rate more global context, better defining 2D and 3D regions,
albeit at increased computational cost. Beyond a certain
threshold, however, further increases yield no additional
improvement and instead displace the 2D regions away from
the central manifold.

The min dist parameter controls the minimum distance
between points in the low-dimensional embedding, thereby
balancing the local compactness and global spread. Larger
values produce more diffuse representations that emphasize
global structure, whereas smaller values allow tighter clustering
and sharper regional definition. Although Figure S8c shows
only minimal improvements in cluster compactness as
min dist decreases, it shows no significant impact on the
global separation among configurational regions. On the basis
of these analyses, the UMAP embedding used in the MBAR
calculations was generated using metric = "mahalano-
bis”, n neighbors = 50,and min dist = 0.001.

3.5. Structural Classification from NLDR Maps

We have shown that NLDR algorithms can rationalize
correlated features from large data sets, such as those generated
from RE-BOMD simulations. Thus, sketch-map, and in
principle other NLDR approaches, can be employed to
connect structural parameters extracted from a large number
of Auy; configurations under temperature eftects, such as ECN,
d,, and R, allowing several descriptors to be correlated
simultaneously toward a detailed structural-pattern character-
ization. Therefore, sketch-map projections can characterize the
2D and 3D behavior within the projected regions, as shown in
Figures S9—S11. A more concise representation is shown in
Figure 7, in which nearby symbols in the sketch-map
projection correspond to structurally similar configurations,
while being simultaneously characterized by ECN through the
color map and by R, through the symbol size for T = 250 and
840 K for each charge state. This representation can also be
linked to electronic descriptors, providing a direct route to
connect configurational sampling to catalytic performance
indicators.

Based on Figure 7a for Aug), one observes that the central
region of the projection is predominantly associated with 3D-
like structures. In contrast, the outer regions are enriched in
2D-like configurations, as highlighted across the charge-state
panels. The central region is significantly populated by the

Aug) and Augg) states up to 684 K. In contrast, beyond this
temperature, the population of these charge states becomes
increasingly distributed toward the outer regions. However, the
3D regions have characteristic structural-parameter values,
which, for all temperatures, are approximately ECN 2 4.50, d,,
2 277 A, and R, < 3.00 A.

In the outer regions, Augg) predominantly populates the
region across the entire temperature range, with increasing
contributions from the cationic and neutral states above 760 K.
In contrast, these outer regions show a broader distribution of
structural parameters, allowing subdivision into two distinct
subregions. The first subregion, denoted as 2D-like config-
urations, is characterized by two main basins located in the
leftmost outer region of the sketch-map projection, on the
right-hand side and bottom of the UMAP projection, and in
the upper and bottom regions of the FIt-SNE projection.
These basins are associated with characteristic values of ECN
<375 d,, 5273 A and R, 2 340 A.
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Figure 7. Structural-parameter mapping for (a) Aug), (b) Augg), and
(c) Aug) as a function of the sketch-map coordinates at 250 and 840
K. The color map and symbol size represent the effective coordination
number (ECN) and radius of gyration (Rg), respectively. Triangles
and circles correspond to configurations sampled at 250 and 840 K,
respectively. Radial distribution profiles, g(r), were also calculated for
selected 3D, 2D, and quasi-2D regions.

Moving to the second outer subregion, corresponding to
structures not classified as purely 2D or 3D, the intermediate
character is described as quasi-2D configurations by particular
structural-parameter values. These structures are characterized
by the coexistence of nearly planar motifs and three-
dimensional structural features, so that they are clearly
distinguishable from both 2D and 3D configurations by
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Figure 8. Center of gravity of the occupied d-states (¢4) and Hausdorff chirality measure (HCM) mapped onto the sketch-map coordinates for (a)
Aug), (b) Auig), and (c) Au(lg) at 250 and 840 K. The color map and symbol-size range represent &4 and HCM, respectively.

exhibiting intermediate values of ECN between 3.75 and 4.50,
d,, between 2.73 and 2.77 A, and R, between 3.10 and 3.40 A.
These thresholds, used to distinguish 2D, quasi-2D, and 3D
configurations, should be interpreted as operational classi-
fication criteria derived from the configurational distributions
observed for the present Au,; data set, rather than as universal
or sharply defined physical boundaries. We introduced these
ranges to facilitate qualitative identification of distinct
morphological regimes across the configurational landscape.

Particular regions on the projections depicted in Figure 7
were selected to calculate the radial distribution profiles, g(r),
as an additional descriptor for the 3D, 2D, and quasi-2D
characterization. For instance, 3D structures are typically
characterized by higher atomic densities at distances around
2.25, 3.00, and 4.00 A. In contrast, 2D configurations exhibit a
broader spread of atomic density toward both shorter
distances, below 2 A, and longer distances, above 4 A.
Among the 2D structures, although both selected regions
display a peak close to 1.50 A, they can be distinguished by a
shift of the last peak from 5.80 A to 5.10 A when moving from
the top to the bottom of the 2D region in the projection.

Furthermore, this approach yields a quasi-2D profile with an
intermediate g(r) behavior between 3D and 2D configurations.
These structures show atomic densities extending beyond
typical 3D limits while maintaining a considerably narrower
peak distribution than that observed for 2D structures. Overall,
the g(r) profiles of the quasi-2D configurations are
characterized by four main peaks, with those located at 3.00,
425, and 490 A being comparable in position. The most
pronounced difference arises from a shift of the shortest-
distance peak from 1.50 A to 0.50 A when moving from the
right to the top quasi-2D region of the projection.

We have demonstrated the efficiency of this analysis
protocol for population characterization based on structural
parameters associated with NLDR, which is generally
independent of single-temperature sampling. All g(r) analyses
performed for the full trajectories of each charge state and
temperature are shown in Figure S12. At 250 K, a clear
distinction in the g(r) profiles is observed among the different

charge states. For Aug), three main peaks located at
approximately 2.25, 3.00, and 3.75 A are identified, which
are characteristic of 3D configurations. Augg) exhibits the same
dominant peaks, together with additional minor features at

1.25, 1.50, 4.50, and 5.25 A, indicating a largely 3D structural
sampling with emerging contributions from 2D-like motifs. In

contrast, Au';’ displays a markedly different g(r) profile, with
main peaks at 1.50, 2.75, and 4.25 A, as well as secondary peaks
at 2.25, 3.40, 3.90, 4.90, and 5.75 A. This distribution is
characteristic of 2D and quasi-2D configurations and reflects
the loss of compact 3D structural signatures. As the
temperature increases, these distinctive features in g(r) are
progressively smoothed out, such that at 840 K, no well-
defined peaks remain, indicating a broad structural sampling
spanning both central and outer regions of the configurational
space.

3.6. Catalytic-Relevant Electronic and Chirality Descriptors
from NLDR Maps

Advancing toward catalytic and chirality-related perspectives
based on NLDR protocols, we evaluated the center of gravity
of the occupied d-states (e4) as a descriptor of the catalytic
potential of NCs, as introduced in Section 2.5. Figure 8

summarizes these results for Aug"o’_) at 250 and 840 K, in
which &; and the Hausdorff chirality measure (HCM) are
correlated on the sketch-map projections. Figures S13—S14
provide more detailed representations for each charge state
and temperature.

Two main effects emerge from the &, analysis, both directly
associated with the influence of charge state and NC
configuration. First, &; undergoes a systematic downshift
along the sequence Aug) - Augg) - Aug) for structurally
similar configurations. The cationic NCs exhibit &y values
typically in the range of —2.6 to —2.8 eV, the neutral NCs
around —2.8 to —2.9 eV, and the anionic NCs generally at
lower energies. However, low-coordinated 2D motifs can
partially shift &5 back toward the Fermi level. This trend
reflects a charge-induced redistribution of the d-state electron
population: in the cationic state, electron removal increases the
number of unoccupied states. It shifts &; toward the Fermi
level, whereas electron addition in the anionic state produces
the opposite effect. Consequently, for comparable structural
configurations, the NCs become progressively less reactive as
the charge state varies from cationic to anionic.

Because the simulations were performed within the Born—
Oppenheimer approximation, temperature is not assigned to
the electronic degrees of freedom. In this context, temperature
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serves to enhance the exploration of the nuclear configura-
tional space, while changes in &4 arise indirectly from the
different geometries sampled along the trajectories.

In this context, we show that for the Aug), Augg), and Aug)
charge states, &4 shifts along the structural sequence 3D —
quasi-2D — 2D, which can be interpreted as a progressive
increase in reactivity associated with lower-coordinated motifs.

For Aug), the central region associated with 3D configurations
exhibits &; values around —2.6 eV, whereas configurations
sampled in the outer regions reach values close to —2.4 eV. In

the neutral case, Augg), the 3D configurations in the central
region display &4 values of approximately —2.8 eV, while the

2D configurations exhibit values above —2.6 eV. For Aug), the
outer regions dominated by quasi-2D structures tend toward &4
values near —3.0 eV, whereas the more open 2D configurations
show values shifted upward relative to the quasi-2D region.
These findings further support the notion that lower-
coordinated sites are intrinsically more reactive, since the
fraction of such sites increases along the 3D — quasi-2D — 2D
structural sequence.

Another relevant catalytic perspective is to assess the

chirality of the Aug’o’_) clusters, quantified here using HCM,

to probe the emergence of chiral sites under temperature
effects. Figure 8 reports HCM mapped onto the sketch-map
coordinates. Although no significant chirality is observed at T
= 0 K, except for weak distortions in specific optimized
structures, the configurations associated with the 3D stability
basins begin to exhibit HCM values around 0.100 at 250 K,
indicating that temperature promotes distortions that can
generate chiral sites. At this temperature, quasi-2D config-
urations show similar behavior, with the regions associated
with the EAH, TOE, and AH motifs displaying HCM values of
approximately 0.200, 0.125, and 0.075, respectively.

Increasing temperature enhances structural distortions and
gradually increases chirality for 3D configurations up to 548 K,
although above this temperature, sampling within the 3D
region becomes less frequent. In contrast, the stability basins
associated with strictly 2D configurations present negligible
chirality, with HCM =0.000. Even at elevated temperatures,
HCM remains low, up to approximately 0.050, within the OFP
and FFP basins. However, configurations surrounding these
basins can reach HCM values as high as 0.200, consistent with
strongly distorted structures.

Overall, these results suggest that 3D and quasi-2D
configurations are more likely to provide chiral active sites.
In contrast, strictly 2D configurations are comparatively less
prone to developing chirality under the conditions inves-
tigated. Therefore, combining NLDR mapping with structural,
electronic, and chirality descriptors provides a compact
framework for connecting configurational populations to
catalytic descriptors in fluxional Au;; nanoclusters.

4. CONCLUSION

We have established a general framework for decoding the
configurational landscapes of metallic Aug’o’_) nanoclusters
(NCs) under the combined effects of charge state and
temperature. By integrating density functional theory-based
replica-exchange Born—Oppenheimer molecular dynamics
(RE-BOMD) with nonlinear dimensionality reduction techni-
ques, such as sketch-map, t-SNE/FIt-SNE, and UMAP, and

Boltzmann reweighting through the multistate Bennett accept-
ance ratio (MBAR), we demonstrate that the complex high-
dimensional configurational space generated by different
charge and temperature conditions can be unraveled by
projections onto low-dimensional manifolds that retain
thermodynamically meaningful information.

Within this framework, MBAR+sketch-map emerges as the
most suitable approach for constructing probability surfaces,
owing to its ability to preserve basin connectivity and enable
effective clustering of configurations in the context of a
multiple-thermodynamic canonical ensemble. While FIt-SNE,
as a t-SNE-based algorithm, reproduces the main thermody-
namic features with good consistency, UMAP, despite its
efficiency in separating structurally distinct regions, produces
more diffuse embeddings that are unsatisfactory for the
construction of compact low-dimensional representations
used in the subsequent free-energy analysis. In this sense, we
note that, when the purpose of applying NLDR extends
beyond separating the configurations sampled during the
dynamics (a task that all methods employed here accomplish
effectively) to the construction of a probability surface, and a
given NLDR method yields an excessively diffuse projection
that hinders the clustering required to resolve well-defined
basins even with hyperparameter tuning, we recommend
comparing the resulting embedding against that of an NLDR
method with more clustering features, such as sketch-map.
These results highlight that the choice of dimensionality
reduction method, even when it achieves similar structural
separation among 3D, 2D, and quasi-2D regions, can affect the
thermodynamic interpretation of configurational landscapes.

Our results reveal that temperature and charge state act
cooperatively to modulate the probability landscape of the
Au;; NCs. Although compact 3D configurations are strongly
favored in the cationic state and remain highly competitive in
the neutral state at T = 0 K, thermal effects increase the
population of 2D and quasi-2D configurations across charge
states. The charge state controls the redistribution of
probability among the configurational basins: the cationic
state preferentially stabilizes central 3D basins, reflecting
enhanced structural compactness and fluxionality; the neutral
state exhibits a more balanced competition between 3D and
2D basins; and the anionic state promotes more open
configurations, characterized by dominant 2D and quasi-2D
basins. Structural descriptors, radial distribution functions, and
MBAR-derived probability analyses consistently supported
these findings.

Beyond structural stability, the proposed framework directly
connects configurational sampling to physicochemical proper-
ties. In particular, correlations among local coordination,
chirality, and the center of gravity of the occupied d-states
reveal that lower-coordinated motifs, especially 2D config-
urations, exhibit enhanced electronic reactivity, whereas
temperature-induced distortions in 3D and quasi-2D config-
urations promote the emergence of chiral features. For
structurally comparable configurations, the occupied d-state
center exhibits a systematic charge-state dependence, with the
cationic, neutral, and anionic clusters showing progressively &4
positions relative to the HOMO. Within the d-band-center
framework, these shifts may indicate different tendencies for
cluster-adsorbate interactions, but they should not be
interpreted as a direct prediction of catalytic activity. These
effects highlight the critical role of charge and temperature in
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defining configurational diversity, electronic response, and
catalytic functionality.

This work provides a unified strategy for integrating
atomistic simulations, machine learning, and statistical
thermodynamics and, in this case, applies it to study nanoscale
systems. In this sense, our approach is complementary to
recent autonomous-simulation frameworks such as GENIUS,”®
which uses agentic Al, knowledge-graph guidance, and
automated error recovery to generate and validate electronic-
structure simulation protocols. While GENIUS addresses the
autonomous design and execution of reliable DFT workflows,
the present framework focuses on decoding, classifying, and
thermodynamically interpreting the high-dimensional atomistic
data generated by such simulations. Together, these develop-
ments point toward an integrated materials-discovery paradigm
in which simulations can be generated, validated, executed,
analyzed, and interpreted within increasingly autonomous and
reproducible workflows. The methodology proposed here is
readily transferable to other classes of clusters and NCs,
offering a powerful route to rationalizing structure—property
relationships and guiding the design of nanocatalysts under
realistic operating conditions.
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