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Abstract

Vanadium oxides are a compositionally rich family of functional transition-
metal oxides with diverse electronic, optical, thermochromic, electrochemical,
and structural behaviors. Their multiple accessible oxidation states and complex
phase space make them attractive targets for computational materials discov-
ery, but make systematic first-principles screening computationally demanding.
We propose an inverse-design workflow that couples a voxel-based variational
autoencoder (VAE) with a formation-energy-constrained Wasserstein generative
adversarial network (WGAN) to generate physically plausible V–O crystal can-
didates while mitigating adversarial training instability. Crystal structures are
encoded as element-resolved 3D voxel grids, compressed into a continuous latent
space, and sampled by a WGAN whose generator is biased toward low forma-
tion energy via an exponential penalty predicted by a frozen convolutional neural
network (CNN) regressor. Using 10,981 density functional theory (DFT)-relaxed
structures for training and validation, the framework generates 6,592 candidate
V–O crystals with high generative quality (validity 81.5%, uniqueness 96.6%, nov-
elty 99.5%). First-principles screening identifies 669 stable candidates (10.2%),
365 metastable candidates (5.5%), and a further 94 fall below the Materials
Project–referenced convex hull and are reported as candidates for further vali-
dation. A composition-matched DFT control confirms that the formation-energy
constraint raises the first-principles stable fraction from 15.9% to 25.4%. Phonon
calculations on representative candidates, including one below the hull, support
lattice-dynamical stability, with only minor soft modes attributable to finite-
size effects or known phase transitions. The proposed pipeline reduces the DFT
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screening burden and provides a scalable route to functional oxide compositions
for thermochromic, electronic, electrochemical, and adaptive thermal-material
applications.

Keywords: Generative materials design, Inverse design, Vanadium oxides,
Wasserstein GAN, Variational autoencoder, Density functional theory, Functional
oxides, Crystal generation

1 Introduction

Functional transition-metal oxides occupy a central position in modern materials
science because small changes in stoichiometry, oxidation state, coordination environ-
ment, and crystal symmetry can produce large changes in electronic, optical, magnetic,
catalytic, and electrochemical behavior. This sensitivity creates opportunities for dis-
covering new functional materials, but it also makes oxide phase spaces difficult to
explore systematically. Vanadium oxides (V-O) provide a representative and scientif-
ically rich example. The V-O binary system contains multiple stable and metastable
phases, including metallic VO, the Magnéli series VnO2n−1, VO2, V2O3, and V2O5,
whose functional behavior is governed by vanadium’s accessible oxidation states and
diverse coordination environments [1, 2]. VO2 is widely studied for its first-order
metal-insulator transition near 68 ◦C, which produces large changes in electrical resis-
tivity and infrared optical response [3]. V2O3 is a prototypical correlated oxide with
pressure- and temperature-driven electronic transitions, whereas V2O5 is widely inves-
tigated for electrochemical, electrochromic, and catalytic applications [2, 4, 5]. The
polymorphism of VxOy compounds has also motivated studies of memristive switch-
ing, reconfigurable electronics, and neuromorphic device concepts [6, 7]. These diverse
functionalities make the V–O system a useful model space for testing generative
inverse-design strategies for functional oxides.

The breadth of functionalities summarized in Fig. 1 is mirrored by a rapidly
expanding research literature. Web of Science records from 2000 to 2025 indicate that
more than 30,000 publications span the V-O binary system, dominated by V2O5,
VO2, and V2O3, with sustained year-over-year growth across the major phases (Figs.
S1 and S2). A clear and more recent emergence of lower-frequency Magnéli-series
compositions such as V3O7, V4O9, V6O13, and V7O13 is also evident (Fig. S3),
reflecting the broadening interest in less-studied stoichiometries that lie outside the
conventional VO2-V2O5 axis. The most highly cited works in the field (Fig. S4) span
thermochromic devices, infrared optics, electrochemical storage, electrochromism, and
correlated-electron physics, underscoring both the diversity of applications and the
persistent scientific interest in identifying new functional phases [8]. This expanding
and increasingly diversified V-O literature motivates inverse-design strategies capable
of operating across the broad V–O compositional range representable within the fixed
voxel encoding rather than within a few well-characterized stoichiometries.

Systematically discovering stable and metastable V-O structures remains challeng-
ing because vanadium’s multiple accessible oxidation states produce a rich phase space
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Fig. 1 Functional applications of the vanadium-oxide system organized by composition. Each VxOy

phase exhibits distinct electronic, optical, electrochemical, and structural functionalities, spanning
smart windows, infrared and thermal modulation, electrochromic coatings, photonics, energy storage,
catalysis, sensing, and neuromorphic and memristive devices. The diversity of accessible composi-
tions and functionalities motivates composition-agnostic inverse-design strategies capable of operating
across the full V-O phase space

in which small stoichiometric or structural changes can substantially alter electronic
structure and functional behavior [9]. Traditional materials exploration has relied on
chemical intuition, iterative synthesis, and targeted first-principles calculations [10].
High-throughput DFT workflows and repositories such as Materials Project (MP) [11],
the Open Quantum Materials Database (OQMD) [12], and AFLOW [13] have sub-
stantially accelerated computational screening by cataloging large numbers of relaxed
structures and formation energies. However, direct high-throughput DFT remains a
forward-design strategy. Candidate structures must be specified before they can be
evaluated. For chemically flexible oxide systems such as V-O, exhaustive enumeration
across stoichiometry, lattice geometry, and coordination motifs remains computation-
ally expensive [14], motivating inverse-design strategies that can propose promising
candidates before first-principles validation.

Materials informatics has emerged as a practical route for reducing this search bur-
den by combining curated datasets, machine-learning models, and targeted validation
workflows. Recent studies have shown that machine learning can accelerate materials
discovery through property prediction, phase-space exploration, phase-diagram con-
struction, simulation acceleration, multi-objective optimization, and inverse design.
Related inverse-design studies have also demonstrated that trained surrogate models
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can be coupled with optimization algorithms to identify candidate structures satisfy-
ing target properties. These developments motivate generative workflows that propose
physically plausible crystal structures before expensive first-principles validation.

Inverse design reverses the conventional by specifying desired performance tar-
gets first and computationally identifying candidate structures that satisfy them
(Fig. 2) [15, 16]. Surrogate models coupled with optimization algorithms have already
demonstrated the broader utility of this paradigm beyond forward screening [17].
Physics-based inverse methods, including particle swarm optimization in CALYPSO
[18] and evolutionary algorithms in USPEX [19], can locate stable polymorphs with-
out experimental input, and Bayesian optimization further reduces costly energy
evaluations [20]. However, these global optimizers scale poorly to high-dimensional
configuration spaces and frequently converge on local minima. Deep learning (DL)
[21] has provided a transformative complement by enabling generative models that
learn continuous latent representations of known materials and sample new candidates
from the learned distribution. Recent materials-informatics studies have shown that
machine learning can accelerate materials discovery by learning structure-property
relationships, guiding phase-space exploration, accelerating simulation workflows, and
supporting multi-objective optimization and inverse design [22]. VAEs [23] encode
crystals into smooth latent spaces supporting property-targeted optimization, while
GANs [24] train competing generator-discriminator networks to produce realistic
samples without explicit likelihood estimation. Court et al. demonstrated three-
dimensional density-map representations for inorganic crystal generation and property
prediction [25], and Ren et al. introduced an invertible crystallographic representation
enabling inverse mapping within latent space [26]. Moreover, the Crystal Diffusion
Variational Autoencoder (CDVAE) incorporated stability as a physical inductive bias
through score-matching decoders and periodic graph neural networks [27], while Mat-
terGen generates diverse inorganic structures across the periodic table with fine-tuning
toward targeted property constraints [28]. A comprehensive review by Alverson et al.

situates these architectures within a unified taxonomy for generative crystal design
[29].

The crystal generative modeling landscape has evolved rapidly from early voxel-
based VAEs to modern symmetry-aware and diffusion-based architectures, and it is
important to position the present work within this progression. Voxel representa-
tions, as employed in iMatGen [30] and the Cond-DFC-VAE framework [25], encode
three-dimensional electron density or atomic occupancy on fixed grids, offering direct
compatibility with convolutional neural networks and naturally preserving spatial
relationships. Their principal limitation is resolution: the cubic grid imposes a fixed
spatial discretization that can break crystallographic symmetry and becomes memory-
intensive for large unit cells. Graph-based and equivariant approaches circumvent these
issues. CDVAE [27] operates on periodic graphs with SE(3)-equivariant message pass-
ing and uses a score-matching decoder to iteratively refine atomic coordinates toward
low-energy configurations. DiffCSP [31] extends this concept by jointly diffusing atom
types, coordinates, and lattice parameters under fractional-coordinate periodicity,
while MatterGen [28] further removes the VAE bottleneck entirely and employs a fully
joint diffusion process with fine-tunable property adapters. Physics-guided WGAN
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Fig. 2 Comparison of forward materials discovery and inverse design for functional inorganic materi-
als. The forward route (left) proceeds from a known structure through DFT simulation and property
analysis to application. The inverse route (right) begins from targeted properties (stability, band gap,
conductivity), generates candidate structures with an AI-driven model, and validates them by DFT
in a feedback loop until a candidate meets the target application requirements

architectures [32] and constrained deep convolutional GANs [33] take a complementary
route by embedding energy or symmetry penalties directly into adversarial training,
improving validity without requiring equivariant network design. Moreover, Kim et

al. applied a WGAN to the Mg-Mn-O ternary system, discovering 23 crystal struc-
tures with plausible stability [34]. A related V-O generative study previously combined
WGAN and VAE components for three fixed stoichiometries, VO2, V2O3, and V2O5,
generating 451 candidate compositions for electronic-materials design [35]. That study
demonstrated the feasibility of adversarial generation in selected V-O subspaces, but
its fixed-stoichiometry setting did not test whether stability-guided generation can
generalize across the broader binary V-O phase space. The present work addresses this
broader setting by expanding the training corpus, removing fixed-stoichiometry sam-
pling constraints, and evaluating generated candidates across a broad compositional
range of VxOy stoichiometries.

Despite this rapid progress, stability-constrained adversarial generation has not
been demonstrated in a composition-agnostic setting across the multi-valent V–O
binary system, nor has the contribution of the thermodynamic constraint itself been
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isolated against a first-principles control. The present framework bridges element-
resolved voxel encoding with a stability-constrained WGAN whose exponential energy
penalty biases generation toward low-energy regions of the V-O phase space. Physics-
informed ML strategies for inverse materials design, such as those employing neural
networks to navigate microstructure-property mappings [36], share a similar phi-
losophy of embedding domain knowledge into the learning objective; the present
framework applies this principle at the crystal-structure level through a frozen
formation-energy regressor coupled to the generator loss.

Two methodological challenges remain central to generative crystal design. First,
ensuring realistic thermodynamic stability in generated transition-metal oxides is com-
plicated by oxygen vacancies, mixed valence, and competing metastable polymorphs
[37, 38], which together produce a rugged energy landscape that conventional adversar-
ial objectives are ill-equipped to navigate. Second, periodic crystals require encoding
schemes that preserve lattice periodicity, atomic connectivity, and symmetry while
remaining compatible with deep learning architectures, a challenge not faced by molec-
ular systems with compact representations such as SMILES [39]. WGANs partially
address training instability by replacing binary classification with Earth Mover’s Dis-
tance optimization [40], but integrating formation energy constraints directly into the
generative training loop remains largely unexplored.

In this work, we introduce a physics-guided inverse-design framework for
composition-agnostic generation of V-O crystals. The framework combines two com-
ponents: (i) a voxel-based VAE that encodes element-resolved atomic densities and
lattice geometry into a continuous latent space, and (ii) a WGAN whose generator loss
incorporates a formation-energy penalty predicted by a frozen CNN regressor. This
design couples distributional realism with a thermodynamic bias toward low-energy
regions of the V-O phase space. Applying this framework to the V-O binary system, we
generated 6,592 unique compositions spanning a broad range of VxOy stoichiometries.
Of the 6,592 generated structures, 1,846 (28.0%) have negative formation energies and
4,746 (72.0%) have positive formation energies. A total of 669 structures (10.2%) sat-
isfy stringent stability criteria (negative formation energy and ≤ 300 meV/atom above
the MP convex hull), with an additional 365 (5.5%) meeting a metastability threshold
of ≤ 500 meV/atom. Notably, 94 generated configurations exhibit formation energies
falling below the MP-based convex-hull reference, representing potentially novel ther-
modynamically favorable phases not currently documented in the training database
requiring further validation. These candidates were not present in the training set and
therefore represent previously unseen outputs of the generative model. Phonon cal-
culations on representative candidates, including one lying below the MP-referenced
hull, confirm dynamic stability, with minor imaginary modes attributable to finite-size
effects or known phase transitions rather than fundamental instabilities. These results
suggest that the proposed framework provides a generalizable computational pathway
for discovering stable and metastable functional oxides, with natural extensibility to
ternary and higher-order oxide systems.

Section 2 details the inverse design methodology, including the VAE encoding
scheme and stability-constrained WGAN architecture. Section 3 presents generation
performance, latent-space organization, and thermodynamic and dynamic stability
assessments.
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2 Methodology

The inverse-design framework developed in this work couples generative deep learning
with first-principles validation to discover thermodynamically stable and metastable
V–O crystal structures. As illustrated in Fig. 3, the pipeline progresses through
five interconnected stages: (a) data acquisition and curation from the MP database,
(b,c) voxel-based crystal structure encoding into fixed-size three-dimensional grids
compatible with convolutional architectures, (d) a coupled VAE–WGAN generative
engine that operates in a learned latent space while enforcing formation-energy con-
straints, and (e) ab initio thermodynamic and dynamic stability verification of every
generated candidate. Each stage is detailed in the subsections that follow. A high-level
conceptual overview of this data-representation-coding-training-validation workflow is
also provided in Fig. S5.

2.1 Dataset Construction

The scarcity of experimentally characterized V–O phases across the full binary com-
position range motivates a computational data-generation strategy. Starting from
the curated binary compounds available in the MP, we applied systematic ele-
ment substitution to populate V–O structural prototypes across a broad range
of VxOy stoichiometries (Fig. 3(a)). In this procedure, existing binary oxide and
binary metallic structures serve as templates: one element is replaced by vanadium
and the other by oxygen (or vice versa), producing candidate configurations that
inherit known crystallographic frameworks while exploring new chemical identities.
This substitution-based augmentation strategy ensures structural diversity—spanning
layered, rock-salt, spinel-related, and corundum-derived motifs—while remaining
grounded in experimentally observed structure types.

Every candidate structure was relaxed with the Vienna Ab initio Simulation
Package (VASP) [41] using the Perdew–Burke–Ernzerhof (PBE) generalized-gradient
exchange-correlation functional and projector augmented wave (PAW) pseudopoten-
tials for both vanadium and oxygen. Conjugate-gradient relaxations were converged
to 10−5 eV in total energy and 0.05 eV/Å in residual forces, with a plane-wave cut-
off of 500 eV and reciprocal-space sampling at 0.5 Å−1 grid spacing. To capture the
strong on-site Coulomb interaction of V-3d electrons—which governs the electronic
and magnetic properties of V–O and critically affects computed formation energies—
all calculations employed the rotationally invariant DFT+U formulation of Dudarev
(LDAUTYPE = 2) with Ueff = U − J = 3.25 eV [42]. The resulting dataset of 10,981
relaxed structures and their DFT formation energies provides the training corpus for
the generative models and spans formation energies from −2.68 to +4.35 eV/atom
with oxygen fractions from 0.07 to 0.93, ensuring coverage of the V–O compositional
and configurational space.

2.2 Voxel-Based Crystal Representation

Traditional crystallographic file formats such as CIF present significant obstacles for
DL applications: they are discontinuous, vary in length from structure to structure, and
do not naturally encode the spatial relationships exploited by convolutional operations.

7



Data Acquisition

Materials 

Project 

Database

3D Voxel Representation ML Input

3D Voxel Grid 

Representation 

(ML Input) 

Voxelized 

Data

      
       

           

 

 

 

       

                  

         

Metastable

Unstable

stable

Thermodynamic Stability (DFT)

(Formation Energy calculation)

Dynamic Stability

(Phonon calculation)

Verification

a) b) c)

e)

Vanadium
Oxygen

Oxygen

Vanadium 
Voxel

Activation Energy

N
o
is

e

Generator (G)

Critic (C)

Formation Energy 

Predictor

Encoder Decoder

Verified 

Structure

Latent 

Space

VAE-WGAN Inverse Design Frameworkd)
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We therefore transform each crystal into a set of fixed-size three-dimensional voxel
grids that serve as direct inputs to the neural network (Fig. 3(b,c)).

The voxelization process begins by centering each structure within a standardized
15 Å cubic box to establish translational invariance. Atomic positions are represented
by radial basis Gaussian functions placed at nuclear coordinates, with each element
assigned a dedicated volumetric channel. The occupancy of voxel (i, j, k) due to an
atom at position r is computed as

pijk = exp
(

−d2ijk / 2σ
2
)

, (1)
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where dijk is the Euclidean distance from the voxel center to the atomic position and
σ = 0.26 Å is the Gaussian width, chosen to produce well-localized, atom-centered
density peaks on the 15 Å cubic grid at a resolution of 643 voxels (voxel spacing
≈ 0.23 Å). Voxels with occupancy below a threshold of 0.02 are set to zero to sup-
press background noise and define the foreground mask used consistently during both
encoding and decoding. For V–O binary compounds, this yields two 64 × 64 × 64
grids (one for vanadium, one for oxygen) where each atom is represented as a local-
ized density peak; proximity relationships between neighboring atoms are captured
through the spatial arrangement of these peaks within the shared volumetric chan-
nel. Because each element occupies its own channel, atom ordering within the input
file is irrelevant, inherently satisfying permutational invariance. A third 32× 32× 32
grid encodes lattice geometry: a single Gaussian is placed at the unit-cell center, and
smoothed distances are recorded along the three principal axes and the three face
diagonals, compactly capturing cell dimensions, lengths, and angles while preserving
geometric relationships. Periodic boundary conditions are enforced during all distance
evaluations so that crystal periodicity is faithfully maintained in the representation.

This voxel-based scheme offers several advantages over alternative representations.
Compared with graph-based encodings, which require explicit construction of peri-
odic neighbor lists and variable-size connectivity representations, voxel grids provide
spatially uniform inputs of fixed dimensionality that are directly compatible with
standard 3D convolutional layers [39, 43]. The fixed-resolution spatial encoding simul-
taneously preserves local atomic arrangements and global structural features, enabling
efficient learning of the complex structure–property relationships that govern V–O
phase stability.

The voxel-based representation adopted here discretizes space on a fixed 643 grid,
which imposes an upper bound on the unit-cell size that can be faithfully encoded
and may introduce minor symmetry-breaking artifacts at boundaries. The current
framework does not explicitly enforce space-group symmetry during generation, rely-
ing instead on post-generation DFT relaxation to recover the correct symmetry.
Oxidation-state assignments are inferred from stoichiometry and Bader charge analy-
sis rather than being directly encoded in the voxel channels, which limits the model’s
ability to distinguish between iso-stoichiometric phases with different charge orderings.
These limitations motivate future work on symmetry-aware voxel encodings, explicit
oxidation-state channels, and extension to ternary and higher-order oxide systems.

2.3 Variational Autoencoder

The VAE compresses the high-dimensional voxel grids into a smooth, continuous latent
space amenable to generative sampling and property-directed optimization (upper
path in Fig. 3(d)). The encoder consists of successive 3D convolutional layers with
Leaky ReLU activations, batch normalization, and dropout regularization, which pro-
gressively extract hierarchical structural features from the voxelized input. The final
convolutional block outputs two vectors (a mean µ and a log-variance logσ2) that
together parameterize a Gaussian posterior distribution in latent space. The prior is
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set to the standard Gaussian p(z) = N (0, I). Latent codes are sampled via the repa-
rameterization trick, z = µ + σ ⊙ ϵ with ϵ ∼ N (0, I), which preserves end-to-end
differentiability while introducing the stochasticity needed for generative sampling.

The decoder mirrors the encoder through 3D transposed convolutional layers aug-
mented with ResNet-style residual connections [44]. In this design, feature maps from
earlier (lower-resolution) decoder layers are upsampled and concatenated with those
in later (higher-resolution) layers before the next convolution. This skip-connection
architecture improves the decoder’s capacity to reconstruct fine structural details—
such as precise oxygen coordination environments and subtle lattice distortions—that
would otherwise be lost during compression to the low-dimensional bottleneck.

Training jointly optimizes the encoder and decoder to minimize a composite loss
balancing reconstruction fidelity and latent-space regularity:

LVAE =
1

N

N∑

i=1

∥xi − x̂i∥
2

︸ ︷︷ ︸

Lrecon

+ β

[

−
1

2

d∑

j=1

(
1 + log σ2

j − µ2
j − σ2

j

)
]

︸ ︷︷ ︸

LKL

(2)

where xi and x̂i are input and reconstructed voxel grids, d is the latent dimensionality,
and β weights the Kullback–Leibler (KL) divergence term that regularizes the pos-
terior toward the standard Gaussian prior p(z) = N (0, I). We employ KL annealing,
linearly increasing β from 10−4 to 1.0 over the first 100 training epochs while hold-
ing it constant thereafter, to prevent posterior collapse, a well-known failure mode in
which the decoder learns to ignore the latent code. Separate VAE instances encode
the atomic-site channels and the lattice-parameter channel with latent dimensions of
200 and 25, respectively; their concatenated codes form the input to the subsequent
WGAN stage.

After the VAE decoder reconstructs the element-resolved voxel grids from a gener-
ated latent code, the continuous Gaussian density fields must be converted back into
discrete atomic positions and a lattice matrix. For each element channel, voxels with
occupancy above the foreground threshold (0.02) are clustered using a peak-finding
algorithm that identifies local maxima of the density field; cluster centroids are taken
as atomic coordinates. Atoms within 0.5 Å of each other are merged to suppress
duplicate peaks introduced by discretization noise. The lattice channel is decoded by
recovering the six characteristic distances (three principal axes and three face diago-
nals) from the smoothed-distance Gaussian field; these six distances are inverted to
reconstruct the lattice matrix using the analytical relations between distances, edge
lengths, and angles. The resulting structure is written as a VASP POSCAR file and
passed through pymatgen’s structure validator to remove obvious geometric artifacts
before DFT relaxation.

2.4 Wasserstein GAN with Formation-Energy Constraints

The WGAN [40] operates in the continuous latent space learned by the VAE, gener-
ating novel V–O candidates while explicitly favoring thermodynamic stability (lower
path in Fig. 3(d)). A generator network G transforms random noise vectors znoise ∼
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N (0, I) into synthetic latent codes through a sequential architecture of dense layers,
two-dimensional upsampling operations, and convolutional layers with batch normal-
ization, progressively building high-dimensional latent representations compatible with
the VAE decoder input. A critic network C, replacing the binary discriminator of
conventional GANs, assigns an unbounded, continuous realism score to each sam-
ple rather than a probability. Because the critic minimizes the Wasserstein (Earth
Mover’s) distance between real and generated latent distributions rather than a binary
cross-entropy objective, it provides informative and non-vanishing gradient signals
throughout training, even when the critic is near-optimal [45]. This property is funda-
mental to avoiding the mode collapse and training oscillations that plague standard
adversarial architectures.

To enforce the 1-Lipschitz constraint required by the Wasserstein objective, the
critic applies weight clipping with bounds [−c, c], c = 10−2, to all trainable weights,
following Arjovsky et al. [40]. The critic is updated ncritic = 5 times for every generator
update to ensure that the critic remains close to optimal throughout training, yielding
a faithful estimate of the Wasserstein distance at each generator step.

The generator loss couples adversarial realism to a thermodynamic stability con-
straint by integrating a frozen formation-energy predictor directly into the objective.
The critic minimizes:

LC = Ez

[
C(G(z))

]
− Ex∼pdata

[
C(x)

]
, (3)

which yields informative gradients even when the critic is near-optimal [40]. The
generator minimizes the composite loss:

LG = −Ez

[
C(G(z))

]
+

λ

B

B∑

i=1

exp
(
Êf (G(zi))

)
, λ = 0.1, (4)

where Êf is the frozen CNN formation-energy regressor, B = 128 is the mini-batch
size, and λ controls the balance between distributional fidelity and thermodynamic fea-
sibility. The exponential penalty provides an asymmetric thermodynamic bias: when
the regressor predicts a negative formation energy (Êf < 0), exp(Êf ) < 1 and the

penalty contribution is small; when Êf > 0, the penalty grows exponentially, strongly
discouraging the generator from producing high-energy configurations. The exponen-
tial acts on the numerical formation energy in eV/atom, equivalently exp(Êf/E0) with
E0 = 1 eV/atom, so its argument is dimensionless. Over the training-energy range this
yields the intended asymmetry: exp(−2.68) ≈ 0.069 versus exp(4.35) ≈ 77.5, so high-
energy predictions dominate the batch-averaged penalty and are suppressed far more
strongly than favorable negative-energy predictions. The value λ = 0.1 was selected to
keep the formation-energy term and the Wasserstein term in approximately the same
order of magnitude during training.

This choice was confirmed by a penalty-weight sweep, λ ∈
{0, 0.05, 0.10, 0.20, 0.50} (Table S1). Because full DFT validation across all settings
is computationally prohibitive, the frozen formation-energy regressor (test MAE
0.064 eV/atom) was used as a relative surrogate, applying the same stability criterion
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used for DFT screening to the predicted formation energies. Without the penalty
(λ = 0), only 5.1% of generated structures are predicted stable; the penalty raises
this to 24.2% at λ = 0.1, isolating the formation-energy term as the active driver
of thermodynamic bias. Predicted stability saturates for λ ≥ 0.1 (24.2–24.8%) while
uniqueness, novelty, and structural diversity decrease monotonically and validity
peaks at λ = 0.1, placing λ = 0.1 at the elbow of the stability–diversity trade-off.
The effect of the constraint on first-principles stability is verified independently of
the regressor by a composition-matched DFT control.

2.5 Formation-Energy CNN Regressor

The formation-energy regressor Êf provides the thermodynamic signal that biases
generation toward stable regions of latent space. Its input is the same encoded crystal
representation used for WGAN training. For each structure, the representation con-
tains three fixed-length 200-component rows: one row for the lattice encoding and two
rows for the encoded atomic-site channels corresponding to V and O. The lattice VAE
produces a 25-dimensional latent code, which is stored in the first 25 entries of the
lattice row, with the remaining entries set to zero. Together, these three rows give 425
values, which are then padded with 359 additional zeros to obtain 784 = 28×28 values
and reshaped into a 28×28 feature map for two-dimensional convolutional processing.

The network comprises four two-dimensional convolutional layers with 32, 64, 128,
and 256 filters, respectively, using 3×3 kernels, LeakyReLU activations with negative
slope 0.2, dropout, and batch normalization after the second through fourth convo-
lutional blocks. The convolutional features are flattened and passed through six fully
connected layers with 1024, 256, 256, 256, 64, and 1 units to regress the formation
energy. The regressor was trained independently using mean-squared-error loss and
the Adam optimizer. On a held-out test set the regressor achieves a mean absolute
error of 0.064 eV/atom, sufficient for the relative ranking of candidate stability used
in the penalty-weight ablation (Table S1) while remaining orders of magnitude faster
than DFT. After training, its weights were loaded into the WGAN model and frozen,
so that during adversarial training the formation-energy gradients affect the generator
while the regressor parameters remain fixed.

2.6 Ab Initio Validation and Stability Classification

All decoded structures, including those failing the initial geometric screen, underwent
DFT relaxation in VASP using the identical PBE+U settings described in Section 2.1,
ensuring full consistency between the training data and the validation calculations
(Fig. 3(e)). Following relaxation, formation energies are computed as

Ef =
EVxOy

−
(
xEref

V + y Eref
O

)

x+ y
(5)

where EVxOy
is the total energy of the relaxed compound and Eref

V , Eref
O are reference

energies for elemental vanadium and molecular oxygen in their respective standard
states. For MP convex hull analysis, generated V–O entries and database reference
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entries were processed using the same pymatgen compatibility workflow to maintain
consistency with Materials Project thermochemical corrections. Convex-hull distances
were computed in the binary V–O chemical system using pymatgen phase–diagram
tools. Thermodynamic classification is applied to the negative-formation-energy struc-
tures using the distance to the MP convex hull, ∆Ehull. A structure with Ef < 0
and 0 ≤ ∆Ehull ≤ 300 meV/atom is labeled stable; one with 300 < ∆Ehull ≤
500 meV/atom is metastable; and one with ∆Ehull > 500 meV/atom is unstable.
Structures lying below the current MP hull (∆Ehull < 0) are reported sepa-
rately as potentially novel phases. These thresholds are more restrictive than the
≤ 500 meV/atom cutoff adopted in earlier generative studies [30] to ensure that flagged
candidates possess genuine practical viability.

Dynamic stability is assessed independently through phonon dispersion cal-
culations on selected low-formation-energy compositions. We employ the finite-
displacement method as implemented in Phonopy [46, 47], coupled with VASP force
evaluations on appropriately sized supercells. Prior to phonon analysis, each structure
is re-optimized with tightened convergence criteria: residual forces below 0.01 eV/Å
and energy convergence better than 10−6 eV. Force constants are extracted from
supercells typically ranging from 3 × 3 × 2 to 5 × 4 × 4, with dimensions selected to
ensure adequate sampling of long-range interatomic interactions. Supercell dimensions
were chosen so that each lattice vector of the supercell extended at least 10 Å, ensur-
ing sufficient real-space sampling of interatomic force constants. The absence of large
imaginary phonon branches across the full Brillouin zone serves as the criterion for
confirming lattice-dynamical stability.

3 Results and Discussion

3.1 Computational Implementation and Reproducibility

The complete framework was implemented in Python 3 using TensorFlow/Keras for
generative model construction, with ASE (Atomic Simulation Environment) for crys-
tal structure manipulation, and pymatgen for convex-hull analysis. A random 90/10
train–test split was applied independently for both the formation-energy CNN regres-
sor and the GAN evaluation set. To prevent gradient leakage, the formation-energy
regressor was trained to convergence and its weights frozen before any adversarial
training commenced. The training set was resampled 20× with replacement (bootstrap
resampling) to stabilize mini-batch statistics at the chosen batch size of 128.

Table 1 summarizes the key parameters of the model. The VAE employed latent
dimensions of 200 for atomic sites and 25 for lattice parameters, trained with the
Adam optimizer (learning rate 3 × 10−4) for 201 and 101 epochs, respectively. The
formation-energy CNN regressor was trained for 50 epochs with the Adam optimizer
at learning rate 1×10−3, batch size 128. For the WGAN, both the generator and critic
were trained for 5,000 epochs using Adam (learning rate 2 × 10−4, β1 = 0.5, decay
= 10−4) with a batch size of 128 and formation-energy constraint weight λ = 0.1. DFT
calculations employed VASP with the PBE+U parameters detailed in Section 2.1, and
phonon calculations were performed on NVIDIA H100 GPUs.
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Table 1 Model parameters and dataset
statistics

Parameter Value

Voxel grid – atomic sites 64× 64× 64
Voxel grid – lattice 32× 32× 32
Latent dimension – site VAE 200
Latent dimension – lattice VAE 25
Latent dimension – WGAN 200
Training structures 10,981
Generated structures 6,592

3.2 VAE Training Convergence

The fidelity of the inverse design pipeline depends on the VAE’s ability to learn con-
tinuous, reconstructable representations of V–O crystal structures. Figure 4 presents
the learning curves for both the lattice and site encoder–decoder pairs. The lattice
VAE (Fig. 4(a)) converges rapidly during the first 50 epochs, with both training and
test losses stabilizing below 1 × 10−3 by epoch 100 and reaching final values near
1×10−3 on a logarithmic scale. The close alignment between training (black) and test
(orange) curves throughout the entire training process indicates minimal overfitting
and strong generalization. The site VAE (Fig. 4(b)) exhibits a sharp initial transient
followed by stable convergence near 4×10−3 by epoch 20, with training and test losses
remaining tightly coupled thereafter. This consistent performance across both com-
ponents confirms that the VAE successfully encodes crystal structures into a smooth
latent manifold from which high-fidelity reconstructions of atomic positions and lattice
geometry can be recovered.

3.3 WGAN Training Stability and Formation-Energy

Constraint

A central motivation for adopting the Wasserstein framework over a conventional
adversarial objective is the well-documented instability of standard GAN training—
mode collapse, vanishing gradients, and generator–discriminator imbalance [45].
Figure 5 compares the training dynamics of both architectures over 5,000 epochs.

For the discriminator (Fig. 5(a)), the WGAN critic (green) achieves rapid conver-
gence within approximately 500 epochs and maintains a stable loss near 0.1 for the
remainder of training, whereas the conventional GAN discriminator (purple) exhibits
persistent oscillations between 0.1 and 1.4 that never fully subside. The generator com-
parison (Fig. 5(b)) is even more revealing: the standard GAN generator loss oscillates
between 2 and 16 across all 5,000 epochs—a hallmark of vanishing gradients and mode
collapse—while the WGAN generator loss decreases smoothly to near zero within the
first 500 epochs and remains stable thereafter. Table 2 quantifies this advantage after
convergence: although discriminator losses are comparable (0.423 versus 0.418), the
WGAN generator loss is 0.289 and standard GAN loss is 0.511.
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Fig. 4 Training and test loss curves for the two VAE components on a logarithmic scale. (a) The
lattice encoder–decoder converges to ∼ 10−3 within ∼ 50 epochs; (b) the site encoder–decoder con-
verges to ∼4× 10−3 within ∼20 epochs. The close overlap of training and test curves in both panels
indicates minimal overfitting and stable reconstruction of atomic and lattice channels

Table 2 Converged loss values for GAN and
WGAN after training

Model Critic / D loss Generator loss

GAN 0.423 0.511
WGAN 0.418 0.289

This stability arises from the Wasserstein critic objective and the composite gen-
erator loss defined in Section 2.4 (Eqs. 3 and 4). The unbounded critic score and the
asymmetric exponential formation-energy penalty together provide informative, non-
vanishing gradients to the generator throughout training, in contrast to the saturating
sigmoid-based cross-entropy of the conventional GAN. The resulting smooth descent
of the WGAN generator loss in Fig. 5(b) is the direct empirical signature of this design.

3.4 Generation Quality Metrics

To characterize the generative performance of the framework, we evaluated the
standard validity–uniqueness–novelty (V/U/N) metric triplet [27] across the 6,592
generated V–O structures (Fig. 6(a)).

Structural validity reaches 81.5%, indicating that more than four out of five gen-
erated structures satisfy geometric feasibility criteria including absence of overlapping
atoms, realistic interatomic distances, and physically plausible densities. Among valid
structures, 96.6% are unique, confirming that the generator explores the latent space
broadly with virtually no mode collapse. Novelty is 99.5%, meaning that nearly all
unique valid structures differ from every entry in the training set; the model creates
new compositions rather than memorizing known prototypes. XRD-fingerprint-based
structural diversity reaches 0.973 on a [0, 1] scale, indicating that the generated crystals
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Fig. 5 GAN (purple) vs. WGAN (green) training over 5,000 epochs. (a) Discriminator/critic loss.
(b) Generator loss. The WGAN converges stably in both, while the GAN oscillates persistently

span a broad range of structural topologies. Resolving these metrics by composition
(Fig. 6(b)) confirms that generation quality is maintained across stoichiometries rather
than being driven by a single dominant phase. Validity is higher for the most heav-
ily represented compositions, VO2 (94.9%) and V2O5 (93.3%), and somewhat lower
for VO (82.9%) and V2O3 (85.5%), consistent with the greater difficulty of resolving
well-separated atomic density peaks in the more metal-rich, densely packed VO and
V2O3 lattices on a fixed voxel grid. Uniqueness and novelty remain at or near 100%
for V2O5 and V2O3 and above 86% and 98% respectively for VO, indicating that the
per-composition quality is not achieved by memorizing a narrow set of prototypes.

3.5 Latent-Space Organization

A key question for any generative model is whether the learned latent space encodes
physically meaningful information or merely captures superficial statistical correla-
tions. To investigate this, we applied t-distributed Stochastic Neighbor Embedding
(t-SNE) to the concatenated VAE latent representations of the training data. Each
crystal was represented by concatenating its lattice (25-dimensional) latent code with
the two 200-dimensional atomic-site latent codes (vanadium and oxygen) into a 425-
dimensional vector, zero-padded to 784 dimensions, standardized to zero mean and
unit variance, compressed to 50 principal components via PCA, and embedded in two
dimensions (perplexity = 30, 1,500 iterations).A stratified sample of n = 5,000 struc-
tures was drawn from the full 10,981-structure training set to ensure representative
coverage. Figure 7 presents the resulting embedding colored by three complementary
physical descriptors.

The formation-energy panel (Fig. 7(a)) reveals that thermodynamically low-energy
candidates within the predefined stability window (Ef < 0 eV/atom, dark purple)
concentrate in a dense central cluster, while progressively less stable and metastable
phases (Ef > 0, teal to yellow) radiate into distinct peripheral arms. Crucially, this
spatial organization was not imposed during training, neither the VAE nor the WGAN
received explicit stability labels as inputs. The oxygen-fraction panel (Fig. 7(b))
demonstrates that each radial arm carries a distinct color, meaning that the model
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Fig. 6 Generation-quality metrics for the generated V–O structures. (a) Aggregate validity (81.5%),
uniqueness among valid structures (96.6%), and novelty among unique structures (99.5%). (b) The
same three metrics resolved by composition for VO2, V2O5, VO, and V2O3, showing that generation
quality is maintained across stoichiometries. The high uniqueness and novelty indicate broad latent-
space exploration with negligible mode collapse or memorization of training prototypes

learned to separate different V:O stoichiometries into geometrically distinct regions
without any compositional label being provided during training.

The residual-energy panel (Fig. 7(c)) provides a discriminating test. After removing
a weak linear composition–energy baseline (Ef = −2.65xO + 0.11, R2 = 0.29), the
remaining signal reflects differences in crystal topology, coordination environment, and
bonding character that cannot be explained by stoichiometry alone. The moderate
correlation between Ef and xO (Pearson r = −0.53, Spearman ρ = −0.58) and the
large residual standard deviation after detrending (σres = 0.765 eV/atom) confirm
that the beyond-composition structural information encoded in the latent space is
important. Because t-SNE preserves local neighborhoods rather than global geometry,
Fig. 7 is interpreted only as qualitative evidence of local organization. To quantify the
physical information accessible from the encoded representation, we trained five-fold
cross-validated ridge-regression probes on the combined lattice and site representation.
This representation predicts oxygen fraction with R2 = 0.939 (MAE = 0.027) and
formation energy with R2 = 0.766 (MAE = 0.269 eV/atom), whereas oxygen fraction
alone predicts formation energy with only R2 = 0.29. The representation therefore
carries linearly accessible structural and compositional information well beyond the
weak composition-energy correlation. Because the WGAN samples from this organized
latent space and the exponential energy penalty (Eq. (4)) further penalizes high-
Êf regions, structures drawn from the high-density stable core are inherently biased
toward low formation energies.

3.6 Thermodynamic Stability Analysis

DFT validation of all 6,592 generated compositions partitions the set by formation
energy and convex-hull distance (Fig. 8). Of the full set, 1,846 structures (28.0%)
have negative Ef and 4,746 (72.0%) have positive Ef . Within the negative-Ef popu-
lation, 669 structures (10.2% of all generated) are stable, 365 (5.5%) are metastable,
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Fig. 7 t-SNE embedding of 5,000 V–O training structures, colored by (a) formation energy Ef , (b)

oxygen fraction xO, and (c) residual energy Ef−Êf (xO) after removing the linear composition-energy
trend. Low-energy structures concentrate in a central cluster and distinct stoichiometries separate into
radial arms, indicating that the latent space organizes by stability and composition without explicit
labels. The local color organization is consistent with composition- and energy-related information in
the encoded representation

and 718 (10.9%) lie more than 500 meV/atom above the hull; a further 94 struc-
tures fall below the MP-referenced hull. The DFT-calculated formation energies of the
full set are shown against oxygen fraction in Fig. 9, where the majority cluster near
or below the MP convex hull with no systematic bias toward particular stoichiome-
tries, confirming broad coverage from vanadium-rich to oxygen-rich regimes. Although
coverage spans the full compositional range, the stable and below-hull candidates con-
centrate at intermediate-to-low oxygen fractions. This reflects the underlying V–O
thermochemistry. The most thermodynamically favorable binary phases occur at inter-
mediate vanadium oxidation states, where the convex hull is deepest, whereas fully
oxidized V2O5 and highly reduced VO lie at shallower or higher points on the hull. The
generator inherits this bias from the training distribution, which is itself densest at
intermediate stoichiometries, and the formation-energy penalty further concentrates
sampling toward these low-energy compositions.

Table 3 lists the lowest-formation-energy structure identified in the generated data
for selected V–O stoichiometries. The most negative formation energies occur at inter-
mediate oxygen fractions (V2O3, −2.546; V3O4,−2.534 eV/atom). This behavior is
consistent with the weak population-level composition-energy trend (R2 = 0.29),
indicating that maximal thermodynamic favorability arises at intermediate oxidation
rather than at the oxygen-rich extreme.

The relevant measure of generative performance is not the raw stable fraction but
the yield of stable structures that are new. The training corpus consists of known
V–O phases and their direct substitutional derivatives and therefore contains, by con-
struction, no structures absent from existing databases. Of the 669 stable candidates
generated here, 99.5% are novel with respect to the training set, so the framework
does not recapitulate its input distribution but produces previously unseen structures
that satisfy the same first-principles stability criterion.
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Fig. 8 Thermodynamic classification of the 6,592 generated V–O structures. (Left) Partition by sign
of the DFT formation energy: 4,746 structures have positive Ef (gray) and 1,846 have negative Ef

(colored); positive-Ef structures are thermodynamically unfavorable and are not classified further.
(Right) The negative-Ef population resolved relative to the MP convex hull into stable 0 ≤ ∆Ehull ≤
300 meV/atom; n = 669), metastable (300 < ∆Ehull ≤ 500 meV/atom; n = 365), unstable (∆Ehull >

500 meV/atom; n = 718), and below-hull (∆Ehull < 0; n = 94) regions, which together account for
all 1,846 negative-Ef structures. Shaded bands mark the 300 and 500 meV/atom windows

Table 3 Reference V–O structures from the generated data with
the lowest formation energy for selected stoichiometries

Composition Ef (eV/atom) Natom Density ρ (g/cm3)

VO2 −2.384 6 4.66
V2O5 −2.098 7 1.89
V3O5 −2.370 16 4.97
V2O3 −2.546 10 5.23
V3O4 −2.534 14 5.43
VO −2.480 6 5.54
V3O2 −2.092 20 5.46

3.7 Effect of the Formation-Energy Constraint on

DFT-Validated Stability

The penalty-weight sweep of Section 2.4 evaluates candidate stability using the frozen
regressor, which is also the source of the penalty term in Eq. (4). To quantify the effect
of the constraint on first-principles stability directly, we performed a composition-
matched DFT control in which stability is judged solely from DFT formation energies
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Fig. 9 DFT-calculated formation energies of all 6,592 generated V–O compositions versus oxygen
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chiometries (V in blue, O in red); red circles mark the corresponding points on the scatter. Of the
full set, 1,846 structures have negative Ef and 4,746 have positive Ef . The solid lines denote the MP
and OQMD convex hulls

and MP convex-hull distances, independent of the regressor. Two representative sto-
ichiometries, VO2 and V2O3, were selected for DFT tractability, and a matched
subsample of 232 generated structures was drawn for each setting and relaxed with
the identical PBE+U protocol of Section 2.1.

The results are summarized in Table 4. With the penalty (λ = 0.1), 129 of
232 structures (55.6%) exhibit negative formation energy, of which 59 (25.4% of
the subsample) are stable and 29 (12.5%) metastable. Without the penalty (λ =
0), 117 structures (50.4%) have negative formation energy, with 37 (15.9%) stable
and 22 (9.5%) metastable. The penalty therefore raises the DFT-confirmed stable
fraction from 15.9% to 25.4%, a relative increase of approximately 60% within a
composition-matched set.

The mechanism is clarified by conditioning on the sign of the formation energy.
The penalty increases the fraction of structures with Ef < 0 only modestly (50.4% to
55.6%), but among those structures it raises the stable fraction from 31.6% to 45.7%.
The exponential penalty thus does not merely drive formation energies below zero; it
shifts the generated distribution toward lower formation energy in the vicinity of the
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Table 4 Composition-matched DFT control of the formation-energy penalty,
restricted to the VO2 and V2O3 compositions (n = 232 generated structures per
setting)

Setting Ef < 0 Stable Metastable Stable | Ef < 0
λ = 0 (no penalty) 117 (50.4%) 37 (15.9%) 22 (9.5%) 31.6%
λ = 0.1 (production) 129 (55.6%) 59 (25.4%) 29 (12.5%) 45.7%

MP convex hull, which is precisely the asymmetric bias that Eq. (4) is designed to
impose. Because this control is restricted to two intermediate-oxygen-fraction compo-
sitions lying near the hull minimum, its stable fractions are higher than the full-set
average reported in Section 3.6; the physically meaningful quantity is the λ-dependent
difference within the matched set rather than the absolute values.

3.8 Dynamic Stability Assessment

Thermodynamic favorability alone does not guarantee structural viability, lattice-
dynamical stability must also be assessed. Phonon calculations are the most expensive
step of the workflow and were therefore performed on selected candidates rather than
on the full validated set. Figure 10 presents three representative case studies, one
drawn from each thermodynamic class defined in Fig. 8 (an unstable structure, a sta-
ble structure, and a structure lying below the MP-referenced hull) chosen so that the
three classes can be compared on a common footing. The three cases and their key
phonon characteristics are summarized in Table S2.

The unstable V2O5 structure (Fig. 10(a)), computed with a 3 × 3 × 2 supercell,
exhibits extensive imaginary frequencies extending to approximately −20 THz across
multiple high-symmetry paths. The pervasive nature and large magnitude of these
imaginary modes indicate genuine dynamic instability. Such structures are expected to
relax toward lower-symmetry configurations or dynamically more stable polymorphs
and are therefore excluded from the stable candidate set.

In contrast, the stable VO2 structure (Fig. 10(b)), computed with a 5 × 5 × 4
supercell, displays a predominantly positive phonon spectrum throughout the Brillouin
zone, with frequencies extending to approximately 23 THz consistent with V–O bond
stretching modes. Minor imaginary branches with magnitudes below 2 THz appear in
isolated high-symmetry directions. These shallow soft modes are attributable to finite-
size supercell effects inherent to the displacement method or to the well-documented
rutile-to-monoclinic structural transition of VO2 near 340 K [3, 48]. Minor imaginary
frequencies of this character presage temperature-driven phase transitions rather than
fundamental structural failure and do not disqualify the structure from the stable
candidate set.

The third case is a candidate at the VO stoichiometry (a four-atom V2O2 cell)
drawn from the sub-hull population of Section 3.6. Its dispersion (Fig. 10(c)) is entirely
positive throughout the sampled Brillouin zone. the three acoustic branches disperse
linearly from Γ with no imaginary excursion along any high-symmetry direction, and
the optical manifold extends to ≈ 13.5 THz. The phonon density of states (Fig. S6)
carries no spectral weight at negative frequency, confirming that no soft mode is missed
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Fig. 10 Phonon dispersions for three generated candidates spanning the three thermodynamic
classes of Fig. 8, computed by the finite-displacement method. (a) An unstable V2O5 candidate
(3 × 3 × 2 supercell): imaginary branches extending to ∼ −20 THz across multiple high-symmetry
paths, indicating genuine lattice-dynamical instability. (b) A stable VO2 candidate (5× 5× 4 super-
cell): a predominantly positive spectrum extending to ∼ 23 THz, with shallow imaginary branches
(< 2 THz) confined to isolated high-symmetry directions. (c) A below-hull V2O2 candidate (4×4×4
supercell): a fully positive spectrum throughout the sampled Brillouin zone, with no imaginary fre-
quencies

by the finite sampling of the band path. This structure is therefore dynamically stable
in the harmonic approximation, and unlike the VO2 case above, requires no appeal to
finite-size effects or to a known phase transition. The harmonic thermodynamic func-
tions (Fig. S7) are correspondingly well-behaved. The Helmholtz free energy decreases
monotonically from its zero-point value, the entropy increases monotonically, and the
constant-volume heat capacity saturates near 100 J K−1 mol−1.

The combined thermodynamic and dynamic screening yields a curated set of V–O
compositions possessing both energetic favorability and lattice robustness. The broad
stoichiometric range of stable and metastable structures, spanning oxygen-poor to
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oxygen-rich compositions, provides a candidate pool for subsequent property-targeted
screening. Because vanadium oxides are known to exhibit metal–insulator transi-
tions, tunable optical response, electrochemical activity, and memristive behavior, the
generated structures may be relevant to future studies of thermochromic materials,
electrochromic coatings, energy-storage electrodes, catalytic oxides, and reconfigurable
electronic or neuromorphic devices. However, the present work focuses on structural
generation and stability validation; application-specific properties such as optical con-
stants, ionic transport, catalytic activity, or device-level switching behavior remain
targets for future investigation.

4 Conclusion

This work presented a physics-guided inverse-design framework for discovering stable
V–O crystals by integrating a voxel-based VAE with a formation-energy-constrained
WGAN. The voxel representation enables fixed-size, element-resolved encoding of
atomic environments and lattice geometry, while the Wasserstein objective provides
stable gradients during adversarial training. By embedding an exponential formation-
energy penalty through a frozen CNN regressor, the generator is explicitly steered
toward thermodynamically favorable regions of latent space without requiring explicit
stability labels.

Applied to the V–O binary system, the framework produced 6,592 candidate
structures with high generative quality (81.5% validity, 96.6% uniqueness, and 99.5%
novelty). Of these, 1,846 have negative formation energies and 4,746 have positive
formation energies. Consistent DFT validation identified 669 candidates (10.2%) that
meet strict stability requirements (Ef < 0 and ≤ 300 meV/atom above the MP
convex hull), plus 365 additional candidates (5.5%) within a metastability window
of ≤ 500 meV/atom. An additional 94 candidates fall below the MP-referenced hull
and are flagged as candidates for further validation. Phonon dispersion calculations
on representative low-energy candidates further support dynamical stability, with
shallow imaginary modes attributable to finite supercell effects or known temperature-
driven transitions. These phonon calculations were performed on three representative
candidates, one from each thermodynamic class.

These results demonstrate that enforcing thermodynamic bias directly in adver-
sarial training can increase the yield of stable candidates and accelerate discovery in
chemically complex oxide spaces. Current limitations include discretization-induced
symmetry breaking in fixed voxel grids, the lack of explicit space-group constraints
during generation, and implicit rather than explicit encoding of oxidation states.
The penalty-weight ablation additionally relies on a regressor-based stability sur-
rogate that inherits the regressor’s prediction error and was confirmed against full
DFT only at the production setting. Future work will incorporate symmetry-aware
encodings, oxidation-state or charge descriptors, and extension to ternary oxides to
enable property-targeted generation of multifunctional materials for thermal, elec-
tronic, electrochemical, catalytic, and neuromorphic applications. More broadly, the
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results demonstrate how thermodynamic priors can be embedded directly into gen-
erative models to improve the efficiency of first-principles materials discovery in
chemically complex oxide systems.

Supplementary information. Supplementary information accompanies this
manuscript, including the Web of Science literature analysis (Figs. S1–S4) and the
formation-energy penalty-weight sweep (Table S1).
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