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l optimization and generative
methods for low-energy and diverse crystal
structure prediction via two case studies
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Artem R. Oganov, *f Alán Aspuru-Guzik,*ghi Chris J. Pickard *jk

and Yousung Jung *cl

Accurate crystal structure prediction (CSP) is essential for discovering novel materials. Although various CSP

methods have been developed, systematic benchmarks and quantitative comparisons remain limited. In this

study, we evaluate eight CSP approaches: the evolutionary algorithm USPEX, three versions of ab initio

random sampling with symmetry constraints (USPEX, AIRSS, and PyXtal codes), generative machine

learning models (generative adversarial neural network, GAN, and variational autoencoder, VAE), and two

very different template-based structure generators (random topological structure generator of USPEX

and CSPML). These tests are done through a case study on vanadium oxide systems V5O8 and V3O4. Our

results show that most of the compared methods are capable of identifying low-energy and metastable

structures when sufficient sampling is performed. However, each method exhibits distinct strengths and

trade-offs in terms of accuracy, efficiency, structural diversity, and symmetry character. Notably, more

established traditional methods, such as USPEX and AIRSS, offer robust performance across system sizes,

while ML-based approaches demonstrate rapid structure generation with minimal sampling, albeit with

a greater reliance on the quality of the training data and post-processing approaches. Interestingly,

different versions of random sampling show very different performances. This study underscores the

complementary nature of traditional and ML-based CSP strategies and provides practical guidance for

selecting appropriate methods based on the complexity of the system, the computational resources

available, and the specific discovery objectives.
Engineering, Korea Advanced Institute of

epublic of Korea

Suwon 16678, South Korea

ineering, Institute of Chemical Processes,

h Korea. E-mail: yousung.jung@snu.ac.kr

ology (KRICT), Daejeon, 34114, Republic

090 Vienna, Austria

logy, 30 Bldg. 1 Bolshoy Blvd., 121205

h.ru

of Toronto, 40 St George St., Toronto, ON

o.ca

onto, 80 St. George St., Toronto, ON M5S

1140-108 College St., Schwartz Reisman

, Canada

urgy, University of Cambridge, 27 Charles

ail: cjp20@cam.ac.uk

, Tohoku University, Sendai, 980-8577,

ational University, Seoul 08826, South

is work.

y the Royal Society of Chemistry
1. Introduction

Crystal structure prediction (CSP) is essential for understanding
and designing materials, as the properties of a given ordered
material are closely tied to its crystal structure. CSP remains
challenging due to complex energy landscapes and large search
spaces. Soon aer crystal structure determinations became
possible, simple heuristic rules were formulated, capable of
discriminating between realistic and unlikely crystal struc-
tures.1 Modern CSP methods2 incorporate advanced global
optimization algorithms, such as basin hopping,3 simulated
annealing,4,5 and evolutionary algorithms,6–9 combined with
rst-principles calculations, particularly density functional
theory (DFT). These techniques aim to identify the global energy
minimum structure and metastable polymorphs with poten-
tially useful properties.

Among the various CSP techniques, two major CSP
approaches, Evolutionary Algorithms (EAs) and Ab Initio
Random Structure Search (AIRSS), have shown strong perfor-
mance in predicting complex structures, including those of
super-hard materials10 and superconductors.11,12 In contrast,
and more recently, machine learning (ML)-based methods13
Digital Discovery

http://crossmark.crossref.org/dialog/?doi=10.1039/d6dd00136j&domain=pdf&date_stamp=2026-07-14
http://orcid.org/0000-0003-1183-9955
http://orcid.org/0000-0001-8249-7185
http://orcid.org/0000-0001-7082-9728
http://orcid.org/0000-0002-9684-5432
http://orcid.org/0000-0003-2615-8394


Digital Discovery Paper
leveraging large crystal structure databases,14–20 have emerged
to enhance energy evaluations and accelerate structure gener-
ation. These approaches oen utilize machine learning poten-
tials and deep generative models.13,17,18,21

Despite the growing number of CSP methodologies,
including data-driven ML models,22 a comprehensive bench-
marking and systematic comparison of their performance
remains underexplored. This study aims to ll the gap by con-
ducting a detailed case study comparing several CSPmethods in
predicting the stability and structural diversity of vanadium-
oxide polymorphs, V5O8 and V3O4. We evaluate eight repre-
sentative methods: evolutionary algorithm USPEX (Universal
Structure Predictor: Evolutionary Xtallography),8 random
symmetric structure generator of USPEX (USPEX-randSymm),23

random topological structure generator of USPEX (USPEX-
randTop),24 Ab initio Random Structure Searching (AIRSS),25,26

iMatGen,18 composition-conditioned crystal GAN,17 PyXal,19

and CSPML.20 By analyzing their predictive accuracy and ability
to generate diverse structures, this study aims to clarify the
strengths and limitations of each approach and provide guid-
ance for future CSP research and applications.

However, CSP benchmarking should not be interpreted as
a direct measure of materials-discovery success. While nding
low-energy and diverse metastable structures is important,
experimental realization also depends on synthetic accessi-
bility, kinetic pathways, processing conditions, and target
properties. Therefore, we evaluate CSP performance mainly in
terms of thermodynamic search efficiency, metastable-structure
sampling, and structural-diversity coverage.

This view motivates evaluation beyond recovering a single
ground-state structure. In addition to global-minimum
discovery, we analyze distributional features of the generated
structures, including metastable-structure fractions, energy
distributions, chemical-space coverage, and space-group diver-
sity. These descriptors clarify the sampling behavior of each
method and are useful when multiple plausible polymorphs are
of interest.

2. Methods

We chose the V–O system for comparing CSP methods due to
vanadium's wide range of oxidation states (+2 to +5) and its rich
structural diversity, featuring varying oxygen coordination
environments. This rich chemistry makes vanadium oxides
ideal candidates for generating multiple polymorphs and
metastable structures.18 Moreover, vanadium oxides are used as
catalysts and are promising for applications in ion batteries,
water splitting, smart windows, supercapacitors, memristors,
and sensors.39 Previous studies using data-driven CSP methods
have successfully identied several new vanadium oxide poly-
morphs with low energies close to the convex hull, indicating
their near-stable or metastable nature.18 Building on this, the
present study compares those previously reported structures
with the polymorphs produced by various other CSP method-
ologies, aiming to analyze the performance and characteristics
of each method in exploring the structural landscape of vana-
dium oxides.
Digital Discovery
We relaxed the structures using a consistent DFT method
and conditions to ensure a standardized comparison (Table S1).
To compare structural similarity and identify space groups, we
used the StructureMatcher and SpacegroupAnalyzer functions
in the Pymatgen Python package, applying default parameter
settings.27 The full details of standardized DFT calculation
settings are summarized in the SI.
2.1 CSP methodologies compared in this work

In this study, we employed eight CSP methodologies (USPEX-
EA, USPEX-randSym, USPEX-randTop, AIRSS, crystal GAN,
iMatGen, PyXtal, and CSPML) to generate the crystal structures
of V5O8 and V3O4 (Table 1). USPEX-EA, stands for a full evolu-
tionary calculation using USPEX, a widely used ab initio evolu-
tionary algorithm package for CSP, in its standardmode. USPEX
searches for the global energy minimum, en route sampling
a number of low-energy structures.

AIRSS (denoted here as RSS) is an ab initio random structure
search method that generates chemically sensible random
structures under given chemical compositions and a set of
constraints. These structures are then optimized using DFT to
identify low-energy congurations, including the global
minimum. AIRSS is known for its simplicity, efficiency, and
ability to generate quasi-random structures with specic rules
(e.g., symmetry, volume, coordination, structural units, and
chemically sensitive minimum distances). Due to its random-
ness and broad sampling capability, AIRSS is commonly used in
recent studies to generate diverse initial structures in a high-
throughput manner.28 Parallel implementation of USPEX and
AIRSS further enhances their practicality for large-scale
searches. We have included two other versions of random
sampling: USPEX-randSym (randSym) and PyXtal. The former is
usually used as part of evolutionary searches in USPEX, but was
also tested separately here. PyXtal is another implementation of
the same idea. It generates random crystal structures ab initio by
starting from a given chemical composition, symmetry, and
stoichiometry. The process uses special Wyckoff positions to
generate 3D crystal structures. The unit cells are derived from
Bravais lattices, with additional constraints applied to allow for
possible extra lattice positions. Further DFT geometry optimi-
zation is required for relaxed crystal geometries. In this study,
within PyXtal, we generated 8 random structures for each
possible space group of a given composition.

The composition-conditioned crystal GAN (GAN) approach
employs aWasserstein GAN with gradient penalty (WGAN-GP),29

conditioned on chemical composition, to generate novel crystal
structures. This data-driven approach is trained on a virtual
VxOy crystal structure database from the Materials Project. The
model comprises a generator, discriminator, and classier
network. Structures are represented using rescaled-fractional
coordinates as input features. To improve the model's robust-
ness and representation invariance, data augmentation through
supercell, translation, and rotation operations is applied during
training. The generated structures are subsequently relaxed by
DFT structural optimization, following the procedures outlined
in the original study.
© 2026 The Author(s). Published by the Royal Society of Chemistry



Table 2 A table showing whether CSP methodologies have discov-
ered the global minimum structure in V5O8 and V3O4 respectively. For
V5O8, six methodologies could discover the global minimum, and for
V3O4, only five methodologies could discover the global minimum

Method EA randSym randTop RSS GAN VAE PyXtal CSPML

V5O8 + + + + + + − −
V3O4 + + − + + + − −
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iMatGen (denoted as VAE) is based on a Variational Auto-
Encoder (VAE).30 In this approach, crystal structures are repre-
sented as 3D atomic density images, which are compressed into
a 1D vector through an auto-encoder. The VAE is trained on
these latent representations, effectively compressing the struc-
tural information into a lower-dimensional space. During this
training process, stable and unstable regions are divided in the
latent space, and the crystal structures to be generated are
sampled from these stable regions.

CSPML is a substitution-based crystal structure generation
method that uses a binary classication neural network to
predict structural compatibility. For a given query composition,
CSPML selects suitable template structures and performs
atomic substitutions using compositionally and structurally
similar candidates. The model is trained on 33 153 stable
compounds from the Materials Project database, and learns to
predict whether two compositions are likely to adopt similar
crystal structures. This enables efficient generation of plausible
structures based on known templates. A very different template
crystal structure prediction method is the random topological
crystal structure generator of USPEX (USPEX-randTop or,
simply, randTop). Again, this is usually used as part of evolu-
tionary USPEX searches, but here it was also tested as a separate
method. Starting from a set of ideal nets, this generator corrects
stoichiometry by symmetric substitution and addition of low-
coordination atoms – this way, one can derive an innite
number of structures from each ideal net, and these structures
very oen possess low energy.38
3. Results
3.1 Discoverability of the ground state structure
(nding the global minimum)

The primary goal of CSP is to identify the global minimum
structure, representing the most thermodynamically stable
conguration for a given chemical composition. To evaluate
this capability, we compared the lowest energy structures
identied by eight different CSP methodologies for V–O
systems.

As shown in Table 2, six out of eight methods successfully
identied the same global minimum structure for V5O8, and ve
Table 1 List of crystal structure prediction methodologies benchmarked

Name Initial guess structure/data sampling M

EA Fully random structure generator E
randSym Symmetry based random structure generator E
randTop Topology based random structure generator E
RSS Constrained random structures A
GAN Composition-conditioned sampling from latent

space
D
(

VAE Random sampling from a stable region of
stability-learned latent space

D

PyXtal Random structures in a Bravais lattice & random
Wyckoff position sampling

P
a

CSPML Substitution using structurally similar materials
as a template

C
l

© 2026 The Author(s). Published by the Royal Society of Chemistry
out of eight did so for V3O4. Although PyXtal did not recover the
ground state structure, its generative nature has the potential to
nd it through additional sampling. The CSPML model also
failed to nd the lowest energy structure for V3O4, but did
identify a structure with a comparable energy. Its performance
for V5O8 was more limited, likely due to the small number of
template structures available for substitution (20 for V3O4 vs. 4
for V5O8). Overall, the remaining models demonstrated strong
performance in locating low-energy structures across both
compositions.

In the present setting, PyXtal's failure to recover the stable
structure likely reects its random symmetry- and Wyckoff-
position-based sampling under a nite sampling budget,
rather than an intrinsic limitation of the PyXtal framework.
Low-energy vanadium oxides may require specic local V–O
coordination motifs, oxidation-state preferences, or distorted
polyhedral environments, which are not explicitly imposed
during the initial PyXtal generation step.

The XRD patterns of the lowest energy structures for V5O8 and
V3O4 are shown in Fig. S1 and S2, respectively. Notably, different
methodologies identied the same ground-state structures,
demonstrating both the consistency and reliability of these
approaches. Interestingly, the VAE-based method (iMatGen)
successfully discovered the ground state structure for both
compositions, despite sampling a limited number of structures.
This result highlights the efficiency of sampling within the stable
region of the latent space, as commonly employed by many VAE-
based crystal structure generative models.31,32
3.2 Discoverability of unique metastable polymorphs

Metastable structures, which are kinetically trapped phases
with a higher free energy than the global ground state, are
in this work

ethod of CSP Reference

volutionary algorithm (USPEX) Oganov & Glass8

volutionary algorithm (USPEX) Lyakhov et al.23

volutionary algorithm (USPEX) Bushlanov et al.24

b initio random structure search Pickard et al.26

eep generative model
composition-conditioned crystal GAN)

Kim et al.17

eep generative model (iMatGen) Noh et al.18

ython library for crystal structure generation
nd symmetry analysis (PyXtal)

Fredericks et al.19

rystal structure prediction with machine
earning-based element substitution (CSPML)

Kusaba et al.20
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Fig. 1 The ratio of metastable polymorphs discovered by CSP methodologies. Metastable polymorphs were defined as structurally unique DFT-
relaxed structures with an energy above the convex hull (Ehull) of less than 200meV per atom. The ratio was calculated using the number of such
metastable structures generated by each method as the numerator and the total number of DFT-relaxed valid structures generated by the same
method as the denominator.
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frequently observed in nature. Many technologically interesting
materials are metastable,33 hence the importance of having
algorithms capable of predicting metastable states. To assess
each CSP model's ability to discover such structures, we
analyzed both the discoverability ratio and the energy distri-
butions of metastable structures. In this study, metastable
structures are dened as those with moderately low formation
energies, specically with energy above the convex hull (Ehull)
less than 200 meV per atom.33

The results are shown in Fig. 1, with the VAE and CSPML
methods excluded from the analysis due to their different
samplingmethods and limited structure generation. Among the
remaining methods, EA and RSS showed the highest ratios of
metastable structures in V5O8 and V3O4. As shown in Fig. 2, we
plotted the energies above the convex hull, where lower values
indicate greater thermodynamic stability. Metastable structures
appear above the ground state but within the dened threshold
of 200 meV per atom. Except for VAE, PyXtal, and CSPML, all
other methods generated a wide distribution of polymorphs
within this metastable range. This suggests that the ve CSP
methods (EA, randSym, randTop, RSS, GAN, and VAE) generally
possess a strong capability for generating a diverse set of
metastable polymorphs. This suggests that, under the present
sampling budget, PyXtal did not frequently generate initial
structures close enough to the distorted V–O motifs needed for
low-energy basins.

The VAE method generates structures by random sampling
within the stable regions of the latent space, resulting in
a relatively small number of polymorphs for V5O8 and V3O4.
However, the energy distribution of these structures was more
thermodynamically stable compared to those from other
methods, consistent with the success of VAE in identifying the
global minimum structures. On the other hand, PyXtal
produced a variety of high-energy structures that were too
Digital Discovery
diverse to yield metastable structures effectively (Fig. S3). The
GAN model showed the second-best performance overall, indi-
cating that deep generative models can perform comparably to
traditional CSP methods in discovering low-energy and meta-
stable structures.
3.3 Coverage on VxOy chemical space

Structural diversity is a key aspect of CSP methods, particularly
in population-based approaches like genetic algorithms, which
explicitly promote diversity to prevent premature convergence.
Thus, quantitatively comparing structural diversity across data-
driven models, random structure search methods, and other
approaches is highly valuable. To assess and compare this
diversity, we evaluated the structural space coverage of each
method, following the approach proposed by Reinhardt et al.34

with the goal of maximizing diversity and minimizing redun-
dancy in the generated structures.

First, we represented the metastable structures using the
Smooth Overlap of Atomic Positions (SOAP),35 and projected
these high-dimensional vectors into a two-dimensional space
using t-Stochastic Neighbor Embedding (t-SNE).36 Next, we
applied Density-Based Spatial Clustering of Applications with
Noise (DBSCAN)37 to identify clusters in the projected spaces.34

This overall process of mapping and clustering is illustrated in
Fig. 3.

To evaluate chemical space coverage, we measured how
many DBSCAN clusters included at least one polymorph
generated by each method. The number of clusters covered
served as a metric for the extent of chemical space exploration.
To ensure robustness, we repeated the analysis using three
different DBSCAN parameter sets for each composition.

The results, summarized in Tables 3 and 4, indicate that for
V5O8, the EAmethod consistently achieved the highest chemical
space coverage across all parameter sets (Fig. S8–S13). For V3O4,
© 2026 The Author(s). Published by the Royal Society of Chemistry



Fig. 2 The energy distribution of metastable polymorphs discovered by CSP methodologies. Each data point corresponds to a DFT-relaxed
structure generated for the V5O8 or V3O4 composition after duplicate structures were removed by structural matching. The y-axis reports the
energy above the convex hull (Ehull), and structures with Ehull < 200meV per atomwere consideredmetastable in this analysis. The red dotted line
denotes the stricter 100 meV per atom threshold.

Paper Digital Discovery
both EA and GAN-basedmethods showed similar high coverage.
The VAE, PyXtal, and CSPML results were excluded from the
analysis due to the insufficient number of metastable structures
generated.
© 2026 The Author(s). Published by the Royal Society of Chemistry
These ndings suggest that structure generation methods
with fewer initial constraints, such as EA and GAN, tend to
promote greater structural diversity. However, it is important to
note that these conclusions are based on relatively small
systems, and in larger systems, the inuence of initial
Digital Discovery



Fig. 3 Schematic example of measuring the coverage of each method by clustering the data points on the chemical space. Structurally unique
metastable polymorphs were represented by SOAP descriptors, projected into two dimensions using t-SNE, and clustered using DBSCAN. A
method was considered to occupy a cluster if at least one metastable structure generated by that method belonged to the cluster.

Table 3 The number of DBSCAN clusters occupied by V5O8 structures of each CSP method. “Parameters” is the parameters of DBSCAN. “# of
total clusters” means the total number of clusters formed with certain “Parameters”. The number of clusters according to DBSCAN, in paren-
theses, is the ratio of occupied clusters

Parameters (3, minpoints) # of total clusters EA randSym randTop RSS GAN

3 = 4, minpoints = 5 30 30 (100.0%) 23 (76.7%) 26 (86.7%) 23 (76.7%) 24 (80.0%)
3 = 3, minpoints = 5 58 58 (100.0%) 42 (72.4%) 50 (86.2%) 36 (62.1%) 44 (75.9%)
3 = 3, minpoints = 4 69 67 (97.1%) 48 (69.6%) 61 (88.4%) 43 (62.3%) 50 (72.5%)

Table 4 The number of DBSCAN clusters occupied by V3O4 structures of each CSP method. “Parameters” is the parameters of DBSCAN. “# of
total clusters” means the total number of clusters formed with certain “Parameters”. The number of clusters according to DBSCAN, in paren-
theses, is the ratio of occupied clusters

Parameters (3, minpoints) # of total clusters EA randSym randTop RSS GAN

3 = 4, minpoints = 5 12 12 (100.0%) 10 (83.3%) 11 (91.7%) 10 (83.3%) 12 (100.0%)
3 = 3, minpoints = 5 25 24 (96.0%) 22 (88.0%) 23 (92.0%) 22 (88.0%) 24 (96.0%)
3 = 2, minpoints = 3 39 32 (82.1%) 26 (66.7%) 30 (76.9%) 26 (66.7%) 33 (84.6%)
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constraints may become more signicant in determining
accessible metastable structures.
3.4 Space groups

Space group selection plays a crucial role in crystal structure
prediction (CSP), since certain crystal structures can only be
realized within specic space groups. While structural diversity
is oen evaluated based on local atomic environments, it is also
important to assess diversity in terms of space group distribu-
tion. To capture this aspect, we calculated the number of unique
Table 5 The number of unique space groups discovered by each CSP
method. Unique space groups of meta-stable polymorphs from each
model were counted to measure the structural diversity of discovered
polymorphs

Name V5O8 V3O4

EA 7 24
randSym 12 27
randTop 7 20
RSS 24 33
GAN 6 25
VAE 4 7

Digital Discovery
space groups of polymorphs generated by each CSP method.
The results are summarized in Table 5, with a detailed list
provided in the SI.

For both V–O compositions, RSS produced the most diverse
set of polymorphs in terms of space groups, followed by
methodologically very similar randSym. To further analyze this,
we plotted the distribution of space groups among the meta-
stable V–O polymorphs. As shown in Fig. 4, most methods other
than RSS predominantly generated low symmetry structures,
such as those in the P1 and Pm space groups. Notably, when we
dened high symmetry structures as those with a space group
number greater than or equal to 62 (i.e.,$62),38 over 11% of the
polymorphs discovered by RSS fell into this category. A similar
trend was observed in V3O4, as shown in Fig. S5. The higher
space group diversity in RSS and randSym can be attributed to
their use of symmetry constraints during initial structure
selection. However, unlike RSS, which directly optimizes the
initial structures and preserves their symmetry, randSym
structures during relaxation are allowed to distort and lower the
original symmetry.

Although the GAN model showed high structural diversity in
terms of chemical space coverage, it showed relatively low
© 2026 The Author(s). Published by the Royal Society of Chemistry



Fig. 4 Histograms for the space group of metastable V5O8 polymorphs. The red vertical line indicates a high symmetry space group ($62), and
the percentile in each graph means the ratio of the structures having a high symmetry space group. The x-axis represents the number corre-
sponding to space groups of crystal structures, and the y-axis represents the ratio of frequency.
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diversity in space groups (Fig. S6). The scarcity of high-
symmetry structures seems to stem from the generation of
structures based solely on atomic coordinates without explicit
symmetry constraints. In contrast, the results of PyXtal and
CSPML (Fig. S7) exhibited different trends. PyXtal produced
structures with various space groups, a result of its strict
adherence to the input space group during structure genera-
tion. On the other hand, CSPML showed limited space group
diversity, as it generates structures based on xed template
information. To enhance space group diversity and promote the
generation of high symmetry structures in deep generative
models, directly incorporating symmetry information, such as
© 2026 The Author(s). Published by the Royal Society of Chemistry
the space group or Wyckoff position, into the model architec-
ture may be a promising strategy.

4. Conclusions

In this study, we compared eight CSP methodologies, spanning
traditional global optimization techniques and deep generative
model-based approaches. Most methods reliably identied
metastable structures (<200 meV per atom), with over half
successfully predicting the ground-state structures. Notably, the
VAE model identied the ground state in both test systems
despite generating fewer structures, while PyXtal excelled at
Digital Discovery
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producing symmetric structures but struggled with low-energy
predictions. Symmetry-aware methods like RSS and randSym
were effective in generating high-symmetry structures, whereas
EA and GAN proved advantageous for discovering low-
symmetry, structurally diverse polymorphs useful for high-
throughput screening. Beyond ground-state recovery, these
results show that CSP methods should also be evaluated based
on their distributional sampling behavior, including
metastable-structure fractions, energy distributions, chemical-
space coverage, and space-group diversity.

CSPML was computationally efficient and capable of gener-
ating near-ground-state structures with minimal sampling,
though its reliance on templates limited structural novelty.
Deep generative models showed performances comparable to
traditional methods and enabled rapid structure generation
aer training but required extensive data, training resources,
and DFT-based post-processing. Their performance also
diminished for larger systems due to increased atomic
complexity.

Ultimately, the choice of CSP method should be guided by
the system size, symmetry requirements, computational
budget, and discovery goals. At the same time, the present
benchmark should not be interpreted as a direct measure of
experimental materials-discovery success, because synthesis
feasibility, kinetic accessibility, processing conditions, and
target functional properties also strongly affect whether a pre-
dicted structure can be realized. Traditional methods like EA,
randTop, and RSS remain better suited for large or high-
throughput systems due to their robustness and lower data
demands. A key limitation of this study is the small system size
and the standardized DFT post-processing, which may not fully
capture each method's strengths—especially for large-scale
applications. Future studies should explore method perfor-
mance across broader system sizes and complexities and
connect CSP benchmarks more explicitly with synthesis-aware
and property-aware evaluation criteria to better inform CSP
strategy selection.
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grouping tables, DFT input settings, and analysis scripts used to
validate and reproduce the main post-processing analyses in
this study have been deposited in Zenodo at DOI: https://
doi.org/10.5281/zenodo.20485770 (https://zenodo.org/records/
20485770). The repository is organized into a structured
project directory containing method-specic relaxed CIF
structures for each composition, metadata linking each
structure to its CSP method, energy, volume, and space group,
and scripts for energy-above-hull analysis, SOAP descriptor
generation, DBSCAN/t-SNE clustering, space-group
identication, XRD generation, and gure-related post-
processing. Full raw VASP output directories and some large
intermediate les, such as precomputed SOAP descriptor
arrays, are not included because of their large size; however,
the provided DFT input settings, relaxed structures, metadata
tables, and scripts allow the reported analyses to be validated
and the intermediate descriptors to be regenerated if required.

The supporting gures and information of this study are
provided in the supplementary information (SI). Supplementary
information: supplementary gures (e.g., XRD patterns, t-SNE/
SOAP analyses, and DBSCAN clustering results), space-group
lists for each CSP method, and DFT calculation details. See
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