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Abstract

Modern atomistic workflows generate large ensembles of molecular and materials structures,
yet only a fraction can be evaluated using first-principles methods. Existing down-selection
strategies typically rely on estimated energies, implicitly optimizing for energetic ranking rather
than representative coverage of configurational space. Here, we present a geometry-based
framework for representative structure selection that maximizes configurational diversity prior
to electronic-structure calculations. The framework maps local chemical environments into
global measures of structural similarity, which space-filling algorithms use to select diverse
subsets with uniform configurational coverage. We demonstrate its performance through two
case studies spanning conformational and configurational ensembles. Selecting only 3% of a
949-member Rh-complex conformer ensemble recovered the principal energetic regions of the
conformational landscape, and selecting just 0.3% of 10,000 oxide-supported metal nanocluster
structures likewise revealed the dominant structure—energy relationships. These results
establish representative structure selection as a transferable geometry-driven strategy for
maximizing information gained from demanding first-principles calculations.

Keywords: Representative structure selection - Configurational sampling - Atomistic
representations - Density functional theory - Conformational landscapes - Computational
catalysis
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Introduction

Advances in atomistic modeling have transformed computational molecular and materials
science from the study of individual structures to the exploration of increasingly large chemical
and configurational spaces. Electronic-structure methods are now routinely embedded within
workflows for high-throughput screening, materials discovery, and molecular design, in which
thousands of candidate structures may be generated before any first-principles calculations are
performed'™. Instead of relying on a single structural model, these workflows typically produce
ensembles corresponding to different conformations, atomic arrangements, or adsorption
configurations> 8. As methods for generating such ensembles continue to improve, prioritizing
candidate structures for subsequent first-principles calculations at the target level of theory is
becoming an increasing focus.

Although many candidate structures may be generated, only a subset contains genuinely distinct
local atomic environments, whereas many others differ only through minor geometric
variations. Evaluating every candidate using density functional theory (DFT) or higher-level
electronic-structure methods is therefore rarely feasible. Conversely, reducing an ensemble
without explicitly preserving configurational diversity risks overlooking important regions of
structural space while expending valuable computational resources on redundant
configurations. The central challenge is therefore not simply to reduce the size of a
configurational ensemble, but to identify a subset that faithfully captures its structural diversity
within a fixed computational budget’.

This need for principled structure selection extends across a broad range of atomistic
applications. The reaction energetics, mechanisms, and regio- or enantioselectivities of flexible
molecular systems, for instance, may depend strongly on the conformers selected for electronic-
structure calculations. Selecting a structurally diverse conformational ensemble is therefore
critical for reliably describing these systems. Modern software packages, including CREST'®,
RDKit!!"!2, GOAT", and OpenBabel'®, efficiently generate large conformer pools, which are
commonly reduced using energy-based'® or root-mean-square deviation (RMSD)-based'¢
filters before DFT refinement. Although computationally convenient, these approaches do not
necessarily preserve the geometric diversity of the original conformational ensemble.
In particular, low-cost energetic estimates derived from force fields or semiempirical methods
may deviate substantially from DFT, especially for electronically complex systems such as
transition metal complexes!®!”. Consequently, structurally distinct conformers may be
discarded prematurely, whereas multiple structures occupying similar regions of
conformational space, and therefore providing little additional structural information, are
retained. Such redundancy may be acceptable when the objective is to characterize a low-energy
region of conformational space, but it is less desirable when seeking to understand how
molecular geometry influences chemical properties, for which broad coverage of
conformational space is often more informative than concentrating exclusively on the lowest-
energy structures’’?!. Clustering strategies incorporated into conformer-generation and
structure-selection workflows reflect this need!®!6, although their application can depend on the
underlying conformer-generation procedure and require prior specification of the structural
features used to describe conformational diversity. Extending geometry-based structure
selection into a general and accessible framework that does not require predefined system-
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specific structural features, is independent of conformer generation, and is applicable across
chemically diverse systems therefore remains an attractive strategy.

A closely related problem arises in materials modeling. Structural searches guided by chemical
intuition, machine-learning interatomic potentials (MLIPs)*? 2, active-learning®’*®, and global-
optimization®?*3 workflows have dramatically expanded the configurational spaces that can
be explored prior to first-principles calculations. Although these approaches substantially
accelerate structure generation, they often require additional model development, specialized
expertise, and computational effort while ultimately producing large candidate pools that still
require down-selection before DFT calculations*.

In many of these workflows, candidate structures are selected based on energy predictions from
surrogate models*-®. Structures whose predicted energies fall within a user-defined energy
window relative to the surrogate-predicted global minimum, are typically prioritized for
subsequent electronic-structure calculations®’*%. Such thresholds are usually selected
empirically and vary considerably across theoretical studies, often reflecting the available
computational budget rather than the structural diversity of the configurational ensemble. More
fundamentally, selecting structures according to energy and selecting structures to maximize
configurational diversity are distinct objectives. Even if surrogate energetics perfectly
reproduced DFT, energy-based filtering would still preferentially retain many geometrically
similar low-energy structures while undersampling other regions of configurational space.
In practice, the finite accuracy of surrogate models may further amplify this limitation by
introducing additional uncertainty into the selection process. Consequently, the quality and
representativeness of the final selected set for first-principles evaluation depend not only on the
configurational search itself, but also on the accuracy of the surrogate model and the criteria
used to select candidate structures.

These observations motivate a strategy in which structure selection is based directly on
geometry rather than approximate energetics. Nevertheless, random subsampling and manual
inspection remain common in molecular and materials modeling because they are simple,
inexpensive, and require no specialized infrastructure. For geometry-based selection to provide
a practical alternative to these simple approaches, however, its methodology must be made
similarly accessible. An effective implementation should preserve configurational diversity
systematically while operating within a predefined DFT budget, remaining independent of
surrogate-model accuracy, and interfacing naturally with workflows used to generate candidate
structures.

Recent advances in atomistic machine learning provide the conceptual foundations for such an
approach. Over the past decade, the field has developed various methods that transform local
chemical environments into global representations of atomistic structures through descriptors
and similarity kernels®**?. Combined with space-filling sampling algorithms, these
representations enable systematic exploration of configurational spaces while preserving their
structural diversity. Efforts have begun to extend these tools beyond their traditional role in
machine learning model development, including applications to automated structural mapping,
dataset sparsification, and the identification of representative atomic environments* .
Notably, scikit-matter has sought to lower the barrier to such broader use by providing domain-
agnostic implementations of methods originating in computational chemistry and materials
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science through an interface designed for integration into diverse workflows*®. Inspired by these
efforts, we seek to further strengthen this bridge by focusing specifically on geometry-driven
representative structure selection from atomistic ensembles, formulated independently of how
the candidate structures are generated.

Building on these foundations, we present a geometry-based framework for selecting
structurally diverse subsets from large atomistic ensembles. Structures are first characterized
using local descriptors of their chemical environments, which are subsequently aggregated into
global measures of structural similarity and sampled to select subsets that maximize
configurational coverage while minimizing redundancy. Because the workflow relies
exclusively on geometric information, it is independent of approximate energetic models and
is equally applicable to molecular and materials systems. We implement this methodology in
the open-source Python package TASTET (Tool for Atomistic Structure Selection Through
Efficient Triage) and demonstrate its use through two representative case studies involving
conformational sampling of a transition-metal complex and configurational sampling of an
oxide-supported metal nanocluster. Together, these examples demonstrate that the geometry-
based framework is a transferable approach to representative structure selection across diverse
molecular and materials systems, with TASTET offering a user-friendly implementation
intended to facilitate its broader adoption by the chemical and materials science communities.

Methods
Workflow outline

Fig. 1 summarizes the overall workflow of the representative structure selection strategy
developed in this work. Starting from a configurational space generated by an atomistic
sampling workflow, the resulting candidate structures are supplied as one or more input files
and consolidated into a single Atomic Simulation Environment (ASE) database*’. The
workflow then proceeds through three main stages: (i) encoding selected local chemical
environments using the Smooth Overlap of Atomic Positions (SOAP) descriptor®®, as
implemented in DScribe*’; (ii) constructing global similarity matrices (kernels) that quantify
structural similarity across the configurational ensemble; and (iii) selecting structurally diverse
subsets using space-filling sampling algorithms. Where appropriate, the descriptor and kernel
hyperparameters governing stages (i) and (i1) can be optimized through automated grid
searches.

The selected subset is subsequently propagated to computationally demanding first-principles
calculations, such as DFT. In practice, the number of selected structures is determined by the
computational budget available for these calculations. The individual components of the
workflow are described in detail below.
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Fig. 1. Schematic overview of the geometry-based representative structure selection workflow. Candidate
structures generated by a given atomistic sampling workflow are first consolidated into a centralized ASE database.
Selected local chemical environments are then encoded using atomic-density-based descriptors, from which
structure-level similarity kernels are constructed. These kernels define the geometry of the configurational space
and provide the basis for representative subset selection using space-filling sampling algorithms. When required,
descriptor and kernel hyperparameters are optimized through grid searches using criteria such as kernel-induced
distance distributions and centered kernel alignment (CKA). The resulting subset is subsequently propagated to
first-principles calculations on high-performance computing (HPC) resources.

Representation of local chemical environments using SOAP

The first step of the workflow is to construct a numerical representation of the local chemical
environments that can be compared across different atomistic structures. In this work, we
employ the SOAP descriptor*®, which provides a representation of atomic environments that is
invariant to translations, rotations, and permutations of atoms of the same chemical species.
Throughout this section, vector quantities are denoted by bold symbols, whereas scalar
quantities are written in italics.

For each structure, the local environment is described through the neighboring atomic density
within a finite cutoff radius, 7, centered on a selected atom. To distinguish between chemical
species, an independent atomic density is constructed for each element a. For an environment
centered on atom i, the atomic density of species « is represented as

2

(=Y e -5l (1)
jEa

where 1;; is the position vector of neighboring atom j relative to the central atom i, and o is the

spatial width of the Gaussian functions.

The local density is then expanded in a basis of orthogonal radial functions, R,,(r), which
resolve variations in atomic density with distance from the central atom, and spherical
harmonics, Y;,,, (), which resolve its angular dependence, up to a maximum radial and angular
indices Ny, g, and Ly, 4y, respectively.
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where ¢4 are the corresponding expansion coefficients.

To construct a rotationally invariant descriptor, the expansion coefficients are combined into
power-spectrum components,

pzr[f/ll X Z (Cnlm nllm (3)

where * denotes complex conjugation. The complete SOAP descriptor for atom i, denoted by
pi, is obtained by concatenating these components over all unique species pairs (a, 3), all
combinations of radial basis functions (n,n' < n,,,,), and all angular channels (I < L,,,4,).

The descriptor construction may be restricted to a chosen subset of chemical elements, such
that the representation is sensitive only to the species of interest and insensitive to all others.
Similarly, descriptors need not be centered on every atom in the structure. Depending on the
application, descriptors may instead be centered on selected elements, functional groups,
ligands, adsorption sites, or other local motifs. This makes it possible to tailor the representation
to reactive centers, or chemically distinct regions of configurational space that are most relevant
to the problem under investigation.

The resulting collection of local descriptors provides the basis for comparing atomistic
structures at the global level. In the following section, these local representations are aggregated
into global similarity kernels that quantify structural similarity across the configurational
ensemble.

Quantifying similarity between whole atomistic structures

Once the local chemical environments in each structure have been characterized, whole
structures can be compared by assessing the similarity between the collections of local
environments they contain. For a pair of structures, the SOAP vector associated with each local
environment in one structure is compared with those in the other using a kernel function,
producing a matrix of pairwise environment similarities. These similarities are then aggregated
into a single measure of similarity between the two structures.

Given two structures, A and B, let p; and p; denote the SOAP descriptors of local environments
centered on SOAP atoms i € A and j € B, respectively. Pairwise similarities between local
environments are collected in a local similarity matrix, whose elements are given by

Ci;(A,B) = k(p;, p,) (4)

where k is a positive-semidefinite kernel that quantifies the similarity between two local
descriptors. Thus, each element C;;j(A,B) quantifies the similarity between the local

environment centered on I in structure A and that centered on j in structure B. In the present



222
223

224
225
226
227
228
229
230
231
232
233
234
235

236

237
238
239
240
241
242

243
244
245
246
247
248
249

250
251
252
253

254

255

256

257
258

implementation, TASTET provides linear, polynomial, and radial basis function (RBF) kernels,
although the framework is readily extensible to alternative kernel choices.

A structure-level similarity is subsequently obtained by aggregating the local similarity matrix
Cij(A,B) into a single global kernel value, K (4, B). In this work, we consider two well-
established aggregation schemes to construct K (4, B) from C;;(4, B): the average kernel and
the regularized entropy match (REMatch) kernel®’. The average kernel defines the similarity
between two structures as the arithmetic mean of all pairwise similarities between their local
environments, such that each entry of the local similarity matrix contributes equally to the final
structure-level similarity, whereas the REMatch kernel constructs a soft one-to-one matching
between the local environments through the regularization parameter AgRgmatch, €nabling more
discriminative comparisons between structures with heterogeneous local environments.
Because these kernels have been extensively described elsewhere®®, we use them here without
further mathematical development and focus instead on their role within the representative
structure selection workflow.

Combining multiple structural representations

Some atomistic systems contain chemically distinct motifs for which different structural
representations may be appropriate. For example, one may wish to describe the coordination
environment of a metal center at a different geometric resolution than its surrounding ligands,
or represent different spatial regions of a material at distinct levels of geometric resolution**.
To accommodate such situations, TASTET allows complementary structural information to be
incorporated through multiple representation channels.

Each representation channel is defined independently through its own structural representation,
including the selected chemical species, descriptor centers, SOAP hyperparameters, and the
choice of local and global kernels. This modular formulation allows chemically distinct regions
of the same structure to be represented independently before being combined into a unified
measure of structural similarity. For a given pair of structures, each channel therefore produces
an independent structure-level kernel, K,, (4, B), where m =1, ..., M indexes the individual
channels and M is the total number of channels.

The channel-wise kernels can then be combined into a single global similarity measure in either
a multiplicative or an additive manner, depending on how information from different
chemically distinct regions is intended to contribute to the overall structural similarity.
Specifically, the combined kernel may be constructed through the element-wise product,

[ [#ncamy (5)

or through their arithmetic mean,
1
> Kn(4,B) (6)
m

The product provides a restrictive measure of similarity: two structures attain a high combined
similarity only when they are similar according to all channels, since a low similarity in any

7
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individual channel suppresses the product. In other words, it acts as a geometric intersection,
penalizing a mismatch in any individual channel. By contrast, the arithmetic mean allows
similarities across channels to compensate for one another, such that the combined kernel
reflects their average contribution to the overall structural similarity. This additive formulation
is particularly well suited to multiple-kernel learning approaches, where target-property
regressions determine the relative importance of each channel®!-2,

Hyperparameter selection

In many applications, it may be useful to tune the hyperparameters of the SOAP representation
as well as the choice of local and global kernel types, the corresponding kernel hyperparameters,
and the potential use of multi-channel constructions. To facilitate this, TASTET allows for grid
searches over combinations of descriptor and kernel settings, either within individual channels
or across multiple channel combinations. The appropriate choice of these parameters depends
on whether target properties are available to guide the selection process.

When a target property, such as energy, is available for the structures stored in the database,
hyperparameter selection can be carried out in a supervised manner by favoring kernel
representations whose induced similarity is aligned with variation in that property. In this case,
candidate representations are assessed through the centered kernel alignment (CKA)>*
between the structure kernel and a target-property kernel constructed from the property vector.
CKA values range from 0 to 1, with larger values indicating stronger alignment between the
two kernels, and a value of 1 corresponding to perfect alignment. The resulting CKA scores can
be visualized as heatmaps over the hyperparameter search space, providing a visually clear
supervised route to identify descriptor and kernel combinations for which the kernel
representation of the dataset best reflects variation in the target property.

When no target properties are available, candidate representations are instead evaluated through
the distribution of kernel-induced pairwise distances.

d(A,B) =/2(1 - K(4,B)) (7)

where A and B are two structures and K (A4, B) denotes the corresponding normalized structure-
level kernel. This expression follows from the Euclidean distance between the corresponding
unit-normalized feature vectors. Accordingly, d(A4,B) =0 corresponds to identical
representations, K(4,B) = 1, whereas d(A, B) = v/2 corresponds to zero kernel similarity,
K (A, B) = 0. The distribution of these distances provides an interpretable visual diagnostic of
the resolution induced by a representation without requiring target-property information.
Distributions concentrated near zero indicate that most structures are represented as highly
similar, which may reflect either insufficient discriminatory resolution or an intrinsically
redundant configurational ensemble. Conversely, distributions concentrated near 2 indicate
that most structures are represented as mutually dissimilar, reflecting either genuine structural
diversity or an excessively discriminative representation. Broad and multimodal distance
distributions can indicate meaningful structural heterogeneity, but are not intrinsically
preferable, as they may also arise when small differences between near-degenerate local
environments are strongly amplified by the kernel.
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Although this provides a practical unsupervised strategy for constructing well-resolved
configurational representations, it remains limited by the absence of a ground truth.
Consequently, the distance distribution should be interpreted alongside the underlying
descriptor-space separations and kernel scale, since apparent multimodality cannot by itself be
assumed to reflect physically meaningful structural variation. Whenever target properties are
available, introducing supervision is therefore desirable because it provides an independent
validation that the selected representation captures physically relevant variation within the
configurational ensemble”’.

Diverse selection

Once a kernel representation of the dataset has been established, the similarity between any pair
of structures can be expressed as a distance in the corresponding kernel space. These distances
provide the basis for selecting a structurally diverse subset. TASTET implements two space-
filling sampling algorithms that have recently been shown to outperform alternative approaches
for representative subset selection®®: farthest-point sampling (FPS) and k-medoids.

FPS selects structures sequentially by maximizing the minimum Euclidean distance between
each newly selected structure and those already selected. By contrast, the k~~-medoids algorithm
identifies a representative subset that minimizes the average squared Euclidean distance from
every structure in the configurational space to its nearest selected structure. Notably, random
subsampling is not considered here because it does not ensure consistently broad coverage of
the represented configurational space. FPS and k-medoids instead promote consistently diverse
selection.

Dimensionality reduction for visualization

To facilitate the interpretation of the configurational representation and the selected subsets, the
global kernel matrix is projected into two or three dimensions using kernel principal component
analysis (kPCA)**°. This projection is used exclusively for visualization and does not influence
the underlying representative subset selection. We employ kPCA rather than neighbor-
embedding methods such as t-SNE or UMAP, whose apparent low-dimensional structure can
be highly sensitive to hyperparameter choices, such that different visual representations may be
obtained from the same underlying data®. In contrast, the kPCA coordinates are obtained
directly from the eigendecomposition of the global kernel, keeping the visualization directly
tied to the similarity measure used for representative selection.

The intrinsic dimensionality of configurational spaces is often high, meaning that the leading
principal components may capture only a limited fraction of the total variance. Consequently,
the two- or three-dimensional projection cannot always faithfully reproduce the full geometry
of the kernel-induced configurational representation and should therefore be interpreted with
appropriate caution. Accordingly, kPCA is used solely as an interpretable visual summary,
whereas the configurational representation and representative subset selection are performed
entirely in the underlying high-dimensional kernel space.
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Results and Discussion
Case study 1: Conformational landscape exploration

Flexible molecular and organometallic systems often exhibit highly complex conformational
landscapes, in which relatively small geometric changes give rise to numerous conformers
spanning a broad range of energies®®?. Capturing this diversity is essential because
conformational effects can influence the reactivity and stability of reaction intermediates. At the
same time, the large number of accessible conformers renders exhaustive exploration using
DFT computationally prohibitive. As a first demonstration of the representative structure
selection framework, we therefore consider a Rh complex bearing a sterically demanding (R)-
BIPHEP-derived diphosphine ligand and a bound acrylate substrate (Fig. 2a).
The conformational complexity of this system arises from multiple coupled degrees of freedom,
including four rotatable methoxy substituents on the ligand biaryl unit, four aryl rings capable
of rotating about the P-C bonds, a rotatable substrate C—C bond, and conformational
adjustments of the ligand fert-butyl substituents®>. Rather than attempting to enumerate this
conformational landscape exhaustively with DFT, our objective is to select a geometrically
representative subset that spans conformational space as broadly as possible, thereby enabling
systematic exploration of the associated energetic landscape within a realistic DFT budget.

The initial conformational ensemble was generated using OpenBabel'*, yielding 949 candidate

structures (see Supplementary Materials and Fig. S1 for details on their generation). Because
the conformers were generated from molecular connectivity rather than approximate electronic-
structure-based optimization, the ensemble captures variations in molecular conformation while
preserving the underlying bonding topology. Structural differences therefore arise mainly from
torsional degrees of freedom rather than local bond stretching or compression. This geometric
consistency is important for the present SOAP-based analysis because descriptor variations
reflect the conformational degrees of freedom of interest rather than distortions introduced by
preliminary geometry optimization.

Because the objective is to maximize the structural information gained within a fixed DFT
budget, representative selection requires a kernel space that resolves conformational diversity
well enough for space-filling sampling to distribute calculations effectively. We therefore
screened combinations of descriptor and kernel hyperparameters through a grid search. At this
stage, only the geometries of the conformational ensemble were available, with no target
properties to guide the optimization, so the search relied on the unsupervised kernel-distance
analysis described in the Methods section. This led to the selection of a two-channel
representation that provided apparent conformational resolution without excessively
amplifying very small differences between otherwise highly similar local environments.
Full details of the grid search and comparison between candidate representations are provided
in the Supplementary Materials.

The two channels describe complementary regions of the complex, reflecting the distinct roles
of the Rh coordination environment and the surrounding ligand substituents in shaping
conformational diversity. Both channels define structure-level similarity matrices over the same
conformer ensemble, such that each corresponding matrix element quantifies the similarity of
the same pair of structures according to either the core or peripheral representation. The two
similarity measures were combined through their element-wise product, Kore © Kperipherys
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yielding a high overall similarity only when a pair of conformers is similar according to both
channels.

Within this representation, both channels employed a SOAP basis with n,,4, = Lax = 8, but
differed in the chemical regions they described and the corresponding kernel constructions.
In the core channel, the local environments centered on the Rh atom, the coordinating P atoms,
and the substrate C and O atoms were first compared using an RBF local kernel (1., = 3.0 A,
o = 0.1 A). These pairwise local-environment similarities were then averaged to obtain the
structure-level core kernel. In the periphery channel, local environments centered on the ligand
carbon atoms bearing the methoxy substituents were likewise compared using an RBF local
kernel (1. = 2.0 A, 0 = 0.5 A) but were aggregated using the REMatch kernel to obtain the
structure-level periphery kernel (Fig. S2). The resulting two-channel representation is
visualized by the two-dimensional kPCA projection of the combined kernel, Kgre ©

Kperiphery> shown in Fig. 2b.
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Fig. 2 | Representative structure selection for the Rh-complex conformational landscape. a Structure of the
square-planar Rh complex comprising the (R)-BIPHEP-derived diphosphine ligand and the coordinated acrylate
substrate. Blue curved arrows indicate the principal rotatable bonds contributing to conformational flexibility.
b Two-dimensional kPCA projection of the initial unsupervised representation. Gray points correspond to the full
ensemble of 949 conformers, whereas colored circles denote the 28 conformers selected by FPS for the first round

of DFT calculations. Colors indicate energies relative to the DFT global minimum, Eg,, with b and ¢ sharing a

common color scale. ¢ kPCA projection of the CKA-refined representation obtained upon supervision from the
first round of DFT calculations. Circles correspond to the initial 28 conformers, whereas stars indicate the
additional 19 conformers selected by FPS during the second selection round within the low-energy region
highlighted by the dashed rectangle.

We next investigated whether a geometrically representative subset spanning the
conformational landscape could be selected with a realistic DFT budget. As an illustrative
example, we imposed an upper limit of 47 DFT calculations, corresponding to 5% of the 949-
member conformer ensemble. Although the specific budget is user-defined, it reflects a realistic
computational constraint for exploring conformational space. We then divided the budget in
two rounds, allowing the initial unsupervised representation to be subsequently refined once
DFT information became available. In the first round, FPS was applied to the unsupervised
two-channel representation to select 28 conformers (3% of the ensemble) for DFT evaluation.
The resulting DFT energies then provided limited supervision to re-optimize the representation,
which was used to allocate the remaining 19 calculations.

The 28 conformers selected in the first round were relaxed with DFT, and their relative energies
with respect to the identified DFT global minimum, Egy,, are shown in Fig. 2b. This structurally
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diverse subset spans an energy window of 18.8 kcal mol™'. Inspection of the DFT-relaxed
structures further reveals that much of the energetic variation can be attributed to changes in
only four dihedral angles, corresponding to the two methoxy substituents adjacent to the biaryl
linkage, the ligand aryl ring closest to the substrate ester group, and the substrate C—C bond.
Despite the apparent complexity of the conformational landscape, these few degrees of freedom
account for much of the observed energetic diversity, reducing an otherwise high-dimensional
conformational problem to a small number of geometrical features.

Having obtained this first set of DFT energies, we could introduce supervision into the
representation. Using the DFT energies of the 28 relaxed conformers, we repeated the
hyperparameter grid search to maximize the CKA between the global kernel and the DFT
energy vector (Fig. S4). The resulting two-channel representation achieved a CKA of 0.51,
compared with 0.20 for the initial unsupervised representation, indicating substantially stronger
alignment between structural similarity and DFT-energy variation. Both channels now
employed linear local kernels, with the core channel becoming more local (7., = 2.0 A) and
the periphery channel more extended (7., = 5.0 A), whereas the remaining hyperparameters
were unchanged. These changes suggest that energetic variation across the conformational
landscape is better aligned with highly local geometric information around the Rh coordination
sphere and more extended geometric information within the ligand environment. Increasing the
spatial range of the former introduces additional conformational variation that does not improve
its alignment with energy and may overlap with information already captured by the ligand
representation. Details of the optimized representation are provided in the Supplementary
Materials. The improved structure—energy alignment is also visually reflected in the
corresponding two-dimensional kPCA projection shown in Fig. 2¢, where low- and high-energy
regions become better organized across the configurational landscape.

Once the representation had been refined using the first round of DFT calculations, the
remaining budget of 19 calculations could be allocated according to different scientific
objectives. To illustrate this flexibility, we considered three alternative selection strategies
implemented in TASTET: (i) global exploration, in which a space-filling sampling algorithm
(FPS or k-medoids) is applied again to the full conformer ensemble; (ii) regional refinement, in
which a region of interest is defined in the energy-colored kPCA projection and conformers
belonging to that region are selected; and (iii) local exploration, in which selection is restricted
to the neighborhood of a conformer of particular interest. Together, these strategies
progressively shift the emphasis from broad coverage of the conformational landscape to
increasingly targeted exploration guided by the information obtained during the first round of
DFT calculations.

The broadest strategy applies FPS a second time using the CK A-refined representation to select
an additional 19 conformers from the full ensemble for DFT relaxation. These structures are
shown as stars in the kPCA projection in Fig. S5a and colored by their relative DFT energies.
Their energies remained within the range already sampled by the initial 28 conformers, with
the lowest additional conformer lying +4.2 kcal mol! above E em- Moreover, structures sampled
from regions predicted to be energetically favorable remained among the lowest-energy
conformers after DFT relaxation, whereas structures selected from higher-energy regions
consistently relaxed to less favorable conformations. Since this second selection was performed
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using a representation re-optimized with DFT-energy supervision, the absence of substantial
new energetic variation provides retrospective support that the initial representative subset,
comprising only 3% of the conformer ensemble and selected using a representation optimized
without any DFT energies, had already captured the principal energetic regions of the
conformational landscape.

A second way of allocating the remaining 19 DFT calculations is to focus them on a specific
region of interest from the energy-colored kPCA projection. This provides an intuitive, user-
accessible way of defining a region for further exploration, while the subsequent representative
selection is still performed using distances in the full kernel space. Because a two-dimensional
projection may not faithfully preserve the geometry of the underlying high-dimensional
representation, this strategy should be applied with consideration of the fraction of kernel-space
variance captured by the displayed kKPCA components.

In the present example, the selected region corresponds to an apparent low-energy region
identified after the first round of DFT calculations (dashed rectangle, Fig. 2¢). FPS was
therefore applied only to the structures contained within this region, preserving structural
diversity while concentrating the remaining computational budget on a chemically relevant
portion of the conformational landscape. The resulting conformers span energies between +1.5
and +10.6 kcal mol ! relative to the global minimum, with nine structures lying within 6 kcal
mol!. This targeted sampling therefore reveals that the apparent low-energy basin is not
energetically homogeneous and illustrates how the remaining DFT budget can instead be used
to resolve energetic variation within a selected region of conformational space.

A third way of allocating the remaining DFT budget is to investigate the candidates most
geometrically similar to a specific conformer of interest, identified as its nearest neighbors in
the kernel-induced configurational space. Rather than defining a region through the kPCA
projection, the user selects a reference conformer and its nearest neighbors are identified
directly from distances in the full kernel space. As a representative example, we selected the
starting geometry that ultimately relaxed to the DFT global minimum (black circle, Fig. SSb)
and selected its 19 nearest neighbors. Because DFT relaxation can substantially alter the initial
conformer geometries, this neighborhood is defined solely by similarity between the unrelaxed
structures. This provides a direct test of whether conformers that are close in the initial kernel
space remain related after DFT relaxation or instead evolve toward different regions of the final
conformational space. Following DFT relaxation, the 19 selected structures converged to only
seven distinct minima, indicating that many neighboring starting geometries ultimately
converge to the same local minimum. Their relative energies range from +6.2 to +11.4 kcal
mol~! (Fig. S5b), and one structure relaxed to the previously identified DFT global minimum.
Therefore, geometrically similar starting structures may either converge to a common minimum
or diverge toward distinct energetic states during relaxation. Neighborhood sampling is
therefore particularly valuable for systematically characterizing individual regions of
configurational space once they have been identified through broader representative
exploration.

Together, these three sampling strategies demonstrate that representative structure selection
need not be viewed as a single down-selection step. An initial structurally diverse subset can be
used to introduce first-principles information and refine the structural representation, after
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which the remaining computational budget can be allocated according to the scientific
objective: continued global exploration, targeted refinement of a selected region, or
neighborhood exploration around a structure of interest. This flexibility allows TASTET to
support different modes of representative selection across configurational space as new
information becomes available.

For comparison, we also evaluated the conventional energy-based conformer-screening
strategy, in which a low-cost force-field calculation is used to prioritize candidate structures
before DFT refinement. The full ensemble of 949 conformers was first relaxed using the
Universal Force Field (UFF)%, and the 25 lowest-energy conformers were then selected for
DFT relaxation, corresponding to a very permissive energy window of 54 kcal mol ™! relative to
the UFF global minimum (Table S2). Despite this broad energy window, the selected
conformers occupy relatively restricted regions of conformational space (Fig. S6), resulting in
substantial structural redundancy. In addition, several structures identified as favorable after
UFF relaxation subsequently converged to high-energy minima upon DFT optimization,
indicating that their energetic ranking at the force-field level does not necessarily transfer to the
target level of theory. Thus, even with a broad energy window, low-level energy filtering can
restrict configurational coverage while retaining structures that become energetically
unfavorable after higher-level refinement.

Case study 2: Supported nanoclusters

Having demonstrated the framework for molecular conformational sampling, we next consider
a different problem involving oxide-supported metal nanoclusters, where the large number of
possible cluster-support arrangements gives rise to the structural diversity characteristic of
fluxional cluster systems® . Such fluxionality motivates descriptions that account for
ensembles of accessible structures rather than relying on a single optimized configuration,
making efficient exploration of the underlying configurational space particularly important. As
a representative example, we consider Cuj> nanoclusters supported on a ZnO(10-10)
surface®®’®, providing a stringent test of whether the same geometry-based representative-

selection strategy can be transferred across molecular and materials systems.

The large configurational spaces required to construct such ensembles are commonly explored
using surrogate-assisted global optimization methods®**. Among the current state-of-the-art
approaches is Global Optimization with First-principles Energy Expressions (GOFEE)’!72,
which combines Bayesian optimization with an iteratively trained machine-learning surrogate
to efficiently explore the configurational landscape. In the present case study, we use GOFEE,
as implemented in AGOX”, exclusively to generate a configurational ensemble of
Cui12/ZnO(10-10) structures. Within such workflows, geometry-based representative selection
can operate at two distinct stages: by selecting structurally diverse configurations for DFT
evaluation during surrogate-model training, and by prioritizing structures from the resulting
configurational ensemble for subsequent high-accuracy DFT refinement. Here, we focus on the
latter application and use the GOFEE-generated ensemble as the dataset for representative

structure selection.

Consistent with common practice in surrogate-assisted global optimization, lower-accuracy
DFT settings were deliberately employed during the GOFEE searches to accelerate surrogate-
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model training and configurational exploration. Higher-accuracy DFT calculations were
subsequently reserved exclusively for refinement of the representative structures selected by
the present workflow. Complete computational details are provided in the Supplementary
Materials.

Ten independent GOFEE runs, differing only in their random initialization seeds, were
performed for Cui2/ZnO(10-10), each producing 1,000 candidate structures (Fig. S7). The
resulting configurational ensemble therefore comprises 10,000 structures, four representative
examples of which are illustrated in Fig. 3a. In conventional surrogate-assisted workflows,
structures from such an ensemble are typically prioritized for high-accuracy DFT refinement
according to their predicted energies, for example by selecting those lying within a predefined
window around the surrogate-predicted global minimum?*>-*%3, This approach parallels the low-
level energy-based conformer screening examined in Case Study 1 but replaces force-field
energies with predictions from a machine-learning surrogate. In both cases, the selection
depends on the extent to which approximate energetics provide a reliable basis for deciding
which structures should be carried forward to the target level of theory. As observed for UFF
in Case Study 1, errors in the surrogate predictions can alter the energetic ordering of
structurally distinct configurations and consequently determine which regions of
configurational space are retained for subsequent refinement.

We address this limitation by shifting the selection criterion from surrogate energetic ranking
to geometrical diversity. The objective is to identify a structurally diverse subset that maximizes
coverage of the configurational landscape within a fixed DFT budget. Once the configurational
ensemble has been mapped into a geometry-based representation, this subset can be selected
systematically using space-filling sampling without relying on surrogate energetic ranking.
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Fig. 3. Representative structure selection for the ZnO(10-10)-supported Cui2 nanocluster configurational
landscape. a Four representative configurations (top view) from the configurational ensemble of 10,000 structures
generated by ten independent GOFEE runs, illustrating the structural diversity of Cui, clusters supported on
Zn0O(10-10). b Two-dimensional kPCA projection of the CKA-optimized representation. Structures (circles) are
colored according to their GOFEE-predicted energies relative to the surrogate-predicted global minimum, Egy,.
Magenta circles denote the 30 representative structures selected by FPS for high-accuracy DFT refinement.

Unlike in the first case study, we adopted a more pragmatic, single-stage approach to
hyperparameter optimization. Here, the GOFEE-predicted energies were deliberately used as
the supervisory target to identify the structural representation that best aligns with the energetic
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variation learned by the surrogate model. This serves two purposes: it reveals how the surrogate
energetic landscape is organized in terms of structural similarity and provides a basis for testing
whether its predictions are reliable for structure selection. Crucially, the surrogate energies were
not used to rank, filter, or impose an energy window on the candidate structures. Representative
structures were instead selected by FPS across the resulting kernel space without energetic bias.
High-accuracy DFT calculations on this broadly distributed subset can therefore establish
whether the energetic relationships predicted by the surrogate persist at the target level of theory
and, consequently, whether an energy-window-based selection would have been reliable.

SOAP descriptors were computed for local environments centered on all Cu atoms, so that
structural similarity reflected the geometry of the nanocluster itself. The descriptor and kernel
hyperparameters were then optimized using the supervised workflow described in the Methods
Section. To make this optimization computationally tractable while retaining coverage across
the surrogate energy range, a subsample of the configurational ensemble was selected by
inverse-density weighting with respect to the GOFEE-predicted energies (Fig. S8).

The grid search explored combinations of 1,4y > Linax> 0, and 74, together with average global
kernels (Fig. S9). The selected representation employed an average SOAP kernel with 1., =
4A, 06 =01A, ny,y, =8, and L5, = 4, achieving a CKA value of 0.73 while favoring a
comparatively simple representation that limits computational cost and descriptor sparsity.

The resulting configurational representation is visualized through the two-dimensional kPCA
projection shown in Fig. 3b. Coloring the structures according to their GOFEE-predicted
energies relative to the surrogate-predicted global minimum, Egy,, reveals an energy range of
approximately 30 eV and a clear separation between two regions of configurational space. The
smaller region on the right-hand side contains highly unfavorable, nonphysical structures lying
approximately 5-30 eV above the surrogate global minimum. Inspection of the GOFEE
trajectories shows that these structures originate predominantly from the random initial
configurations generated at the beginning of each optimization run. By contrast, the larger
region on the left-hand side comprises approximately 9,700 chemically meaningful structures
generated during surrogate-guided exploration of the configurational landscape. Importantly,
excluding the former structures does not require an arbitrarily chosen energetic cutoff. The two
populations are clearly separated in configurational space and by an energetic gap substantially
larger than the expected uncertainty of the surrogate model. FPS was therefore applied to the
chemically meaningful ensemble of approximately 9,700 structures, selecting 30 representative
configurations for high-accuracy DFT refinement (magenta circles in Fig. 3b), corresponding
to approximately 0.3% of this ensemble. Their DFT energies relative to the identified global

minimum, EgIET, are analyzed in Fig. 4.
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Fig. 4. Comparison of surrogate-predicted and DFT-computed relative energies for the 30 FPS-selected

Cu12/Zn0(10-10) structures. Each point represents one selected structure, with its DFT-computed relative

energy, EPFT — Eé)rﬁT, on the x-axis and its surrogate-predicted relative energy, E — Egp,, on the y-axis. The DFT

and surrogate energies are referenced to their respective global minima. The dashed line indicates perfect
agreement between surrogate and DFT relative energies, with vertical deviations reflecting errors in the surrogate
predictions. The Spearman rank correlation coefficient, p, and mean absolute error (MAE) quantify the agreement
in energetic ranking and relative energies, respectively. The DFT-relaxed structures corresponding to the DFT
global minimum and the surrogate-predicted global minimum are shown at the top left and bottom left,
respectively, while the highest-energy DFT structure is shown on the right.

Following high-accuracy DFT relaxation, the 30 representative structures span an energy range
of approximately 3.5 eV. Notably, two starting configurations that were structurally distinct in
the kernel-induced space converged to the same DFT global-minimum structure, as indicated
by the two points connected to the top-left inset in Fig. 4. This convergence is particularly
informative because the structures were selected by FPS to maximize configurational coverage,
yet distinct starting geometries can still reach the same minimum upon DFT relaxation. The full
ensemble, which contains many more geometrically similar configurations, is therefore likely
to exhibit even greater redundancy after DFT relaxation. Nevertheless, the remaining FPS-
selected structures converge to a variety of metastable configurations distributed across the
sampled energy range, demonstrating that geometry-based selection retains substantial
structural and energetic diversity while requiring DFT refinement of only 0.3% of the
configurational ensemble.

Comparison of the GOFEE-surrogate-predicted relative energies with the corresponding high-
accuracy DFT values reveals poor agreement in the energetic ordering of the selected structures
(Fig. 4). This is reflected in a Spearman rank correlation coefficient of p = 0.06 (p-value =
0.74), indicating essentially no correlation between the surrogate and DFT energetic rankings.
Notably, the surrogate-predicted global minimum ranks ninth out of 30 at the DFT level and
lies 0.64 eV above the DFT global minimum. Conversely, the DFT global-minimum structure
ranks only 28th according to the surrogate and lies 3.55 eV above the surrogate-predicted
minimum, illustrating the substantial mismatch between the two energetic orderings. To
quantify discrepancies in the energies relevant to energy-window-based screening, the
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surrogate and DFT energies were referenced to their respective minima, yielding a mean
absolute error (MAE) of 1.60 eV. A reasonably permissive surrogate-energy window of 1 eV
is therefore narrower than the average absolute discrepancy between the surrogate-predicted
and DFT-computed relative energies. Selection based on such a window could consequently
exclude configurations that are subsequently found to be energetically favorable at the target
level of theory.

These results highlight the complementary roles of surrogate-assisted global optimization and
geometry-based representative sampling within the overall workflow. Surrogate-assisted
optimization enables efficient exploration of large configurational spaces and generation of
chemically meaningful candidate structures, while geometry-based sampling provides a means
of selecting from the resulting ensemble without relying on surrogate energetic ranking as the
final criterion. High-accuracy DFT calculations can then be concentrated on a structurally
diverse subset, allowing the energetics of the selected configurations to be established directly
at the target level of theory.

Further inspection of the DFT-refined structures reveals a clear relationship between cluster
morphology and stability. Lower-energy configurations generally exhibit greater wetting of the
ZnO(10-10) surface by the Cui> cluster (top-left inset in Fig. 4), consistent with stabilization
through increased metal-support interactions. By contrast, higher-energy configurations tend
to adopt more vertically extended morphologies (right inset in Fig. 4), in which the cluster
protrudes away from the surface rather than spreading across it. Representative sampling
therefore not only avoids dependence on surrogate energetic ranking for final structure selection
but also provides a diverse structural basis for identifying geometric features associated with
energetic stability across the configurational landscape.

Conclusions

This work establishes representative structure selection as a coverage problem in
configurational space rather than an energetic filtering problem. We implement this framework
in TASTET, an open-source Python package that encodes candidate structures through local
atomic-environment descriptors and structure-level similarity kernels and distributes a fixed
first-principles computational budget across configurational space using space-filling sampling.
The separation between structural coverage and energetic ranking is central to the framework.
Approximate energies can guide optimization of the kernel representation when available, but
they are not used as hard exclusion criteria during subset selection. TASTET can therefore
complement conformer-generation, global-optimization, and surrogate-model workflows at
different stages, ranging from selecting configurations for model training to prioritizing
structures for final high-accuracy refinement.

The two case studies demonstrate this principle across substantially different configurational
problems. For the Rh-complex ensemble, an initial DFT evaluation of only 28 of 949
conformers (3%) recovered the principal energetic regions of the conformational landscape and
provided sufficient supervision to refine the configurational representation. Expanding the
sampling to a predefined 5% DFT budget enabled either continued global exploration or
increasingly targeted sampling of selected regions and local neighborhoods. Much of the
energetic variation across this complex conformational landscape could also be associated with
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only four key torsional degrees of freedom, providing an interpretable connection between
molecular structure and energetics. Comparison with conventional UFF energy-based screening
further showed that even a permissive low-level energy window can produce structurally
redundant selections and relaxation outcomes that differ substantially from those obtained
directly at the DFT level.

For the Cu12/ZnO(10-10) system, high-accuracy DFT refinement of only 30 structures, roughly
0.3% of the configurational ensemble, exposed substantial discrepancies between surrogate and
DFT-level energetics while retaining configurations spanning approximately 3.5 eV. The
surrogate yielded errors larger than energy windows that might reasonably be used for final
structure prioritization, illustrating the potential limitations of applying hard energetic cutoffs
when their resolution exceeds the predictive accuracy of the underlying model. The refined
structures further revealed a clear relationship between cluster morphology and stability, with
lower-energy configurations exhibiting greater surface wetting and more dispersed
morphologies than their higher-energy, vertically extended counterparts. Together with the
UFF benchmark, these results illustrate how geometry-based representative selection can
preserve structural diversity when approximate energetic rankings are insufficiently reliable for
final structure prioritization.

The framework nevertheless has well-defined limitations. Representative selection is
constrained by both the diversity of the input ensemble and the ability of the chosen
representation to resolve that diversity. No selection algorithm can recover configurations
absent from the ensemble or distinguish structures that the representation maps as identical.
In TASTET, this latter limitation is inherited from the use of SOAP descriptors. Distinct local
environments can in some cases yield identical or nearly identical representations’*’>, while the
standard SOAP power spectrum is invariant to spatial inversion, such that enantiomeric
environments cannot be distinguished’®. Applications in which chirality or other structural
distinctions not resolved by SOAP are essential therefore require a representation designed to
retain the relevant information’’. Conversely, increasing the resolution of a representation
cannot create meaningful diversity in an intrinsically redundant ensemble and may instead
amplify negligible geometric differences. Visual inspection of the candidate structures and
resulting representation is therefore advisable before committing computational resources to
first-principles calculations.

A separate limitation arises because representative selection is performed on the initial,
unrelaxed structures. Structural relaxation can substantially reorganize configurational space,
such that similarity between initial geometries does not necessarily translate into similarity
between the corresponding relaxed structures or their properties. Indeed, both case studies show
that initially distinct structures can converge to the same minimum, while geometrically similar
starting structures may undergo different relaxation outcomes.

In addition, as ensemble size increases, hyperparameter optimization can become
computationally demanding because it requires repeated construction of descriptor and kernel
matrices. As demonstrated here, this cost can be reduced by optimizing the representation on a
suitably chosen subsample and subsequently applying the selected hyperparameters in a single
full-ensemble calculation for representative selection.
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Representative sampling should therefore be regarded as complementary to global optimization
and other structure-generation methods. These approaches can efficiently explore
configurational space and generate candidate structures, while TASTET addresses the
subsequent problem of allocating a limited first-principles computational budget across the
resulting ensemble according to structural coverage. By integrating atomistic representations,
kernel-based similarity measures, hyperparameter optimization, and space-filling sampling
within an accessible Python workflow, TASTET provides a general toolset for incorporating
representative structure selection into molecular and materials modeling. Its independence from
any particular structure-generation method or energetic model allows it to interface with
existing computational workflows while reducing reliance on energetic assumptions during
final structure selection. By making these capabilities available through an open-source
implementation, we hope TASTET will facilitate systematic representative structure selection
and support the construction of physically meaningful models in future computational studies.
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