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A B S T R A C T

Glycerol, a major by-product generated in abundance during biodiesel production, presents a valuable oppor
tunity for conversion into high-value chemicals through electrochemical processes. One of the main challenges in 
advancing glycerol electroreduction is the inefficiency of current electrocatalyst discovery methods to recognize 
materials tailored for specific cathodic reaction. Conventional trial-and-error approaches struggle to efficiently 
navigate the vast chemical design space for optimizing electrocatalyst properties. Here, we employ a generative 
adversarial network (GAN) to discover new hypothetical low-cost non-noble metallic electrocatalysts favoring 
cathodic reactions in glycerol electrocatalytic reduction (ECR). Trained on a curated dataset of over 5000 
thermodynamically stable mono-, bi-, and trimetallic compounds from the Materials Project (MP) database, our 
GAN architecture generates 400,000 hypothetical candidates not existing in the training dataset with a 
uniqueness of 99.94 %, while adhering to chemical validity, thermodynamic feasibility, and electrochemical 
property constraints. Notably, the GAN learns implicit chemical rules despite no explicit enforcement, producing 
chemically valid material compositions. Further conditional screening identifies 18 top candidates, with metallic 
compounds significantly outnumbering metallic oxides–highlighting the natural favorability of metallic systems 
for electroreduction. Among the top candidates, Co-Zr-X (X = Ba, Ti) trimetallics emerge, exhibiting promise for 
suppressing hydrogen evolution reaction (HER) and enhancing selective glycerol ECR. These findings underscore 
the potential of GAN-based generative design in accelerating electrocatalyst discovery, offering a data-driven 
pathway to sustainable biodiesel by-product utilization.

1. Introduction

The surge in biodiesel production has resulted in an overproduction 
of crude glycerol [1], a major by-product with a negative market value 
of –165 USD per tonne [2] and a projected global output of about 6.3 
million tonnes by 2025 [3]. Electrochemical reduction (ECR) has 
emerged as a promising route for valorizing this by-product into valu
able chemicals such as 1,2-propanediol, glyceric acid, and dihydroxy
acetone [4–6]. However, large-scale implementation of this technology 
critically hinges on optimizing key process parameters–particularly 
developing advanced electrocatalysts [7], that highly reactive, stable, 
and cost-effective–an ongoing challenge that remain unresolved by 
conventional catalyst design paradigms. To date, ECR systems have 

predominantly employed noble metal-based cathodic catalysts, mainly 
platinum (Pt), palladium (Pd), gold (Au), etc., long regarded as bench
mark catalytic materials for electrochemical reactions [8,9]. However, 
these catalysts are costly and have shown its underperformance in 
glycerol ECR, primarily due to competitive parasitic hydrogen evolution 
reaction (HER), which reduces faradaic efficiency by up to 40 % [10]. 
While alternative electrocatalysts–including monometallics [11], 
carbon-based composites [12,13], and bimetallic alloys [14]–have been 
explored to overcome the limitations of noble metals, their discovery 
still largely relies on empirical, trial-and-error experimentation. This 
conventional approach is often slow, resource-intensive, and lacks a 
fundamental understanding of the underlying structure–property re
lationships that govern electrocatalytic performance. As a result, 
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promising material candidates may be overlooked, and the optimization 
of catalyst compositions remains inefficient and non-systematic.

This gap is exacerbated by the combinatorial explosion of possible 
compositions inherent to multi-metallic systems–exceeding 104 combi
nations for bimetallics and 105 for trimetallics [15]. Such vast design 
spaces make exhaustive high-throughput screening infeasible. While 
brute-force molecular simulations or first-principles calculations have 
been applied [16–19], their computational cost limits exploration to 
only a small fraction of the possible composition space. More intelligent 
sampling methods are required–approaches that employ explicit physi
cochemical knowledge, and also implicit elemental composition 
knowledge embodied within known synthesized materials. This has 
spurred interest in generative machine learning (ML) approaches, 
particularly autoencoder generative adversarial networks (AE-GAN), 
variational autoencoders (VAEs) and hybrid models (e.g., VAE-GANs) 
[20], offer a powerful alternative for addressing these challenges 
while accelerating the discovery and design of metallic materials. 
Among these approaches, VAEs are the most widely applied in materials 
generation, particularly for crystalline systems. They have demonstrated 
strong performance in property-conditioned design. For instance, Mal 
et al. [21] used a conditional VAE to predict formation energies (MAE =
0.162 eV/atom) and magnetization (MAE = 0.07 T), while Court et al. 
[22] achieved lattice parameter predictions with an MAE of 0.06 Å and 
screened 12,000 structures in 12 h using a single GPU. However, the 
latent-space regularization in VAEs can blur discrete atomic-scale fea
tures and stoichiometric constraints [23,24], which are essential in 
catalyst design. As a result, VAEs tend to favor averaged structures, 
potentially missing fine variations in surface terminations, defects, and 
compositional boundaries that are critical for catalytic performance, 
especially for HER suppression.

GANs, on the other hand, excel at generating structurally realistic 
and compositionally valid materials. By employing structured repre
sentations such as sequences or graphs, GANs capture the underlying 
rules governing valid chemical compositions and apply these learned 
patterns to generate realistic, chemically plausible compounds. Their 
adversarial training setup enables high-resolution feature learning and 
better preservation of discrete material constraints [25–27]. GANs have 
been widely applied in various fields such as in organic chemistry for 
drug discovery [28,29], screening inorganic materials [30,31], and 
crystal discovery [32]. Dan et al. [30] used a GAN trained on the Inor
ganic Crystal Structure Database (ICSD) to generate new crystal struc
tures with an 84.5 % validity rate and over 92 % novelty, while Türk 
et al. [33] showed that GANs achieved higher coverage (up to 89 %) 
than VAEs (54–62 %) in elpasolite classification. However, GANs’ per
formance across studies is less consistent: reported validity rates range 
from 66 % [33] to 84.5 % [30], compared to VAEs, which more 
consistently reach 83–89 % validity and up to 0.997 uniqueness [33,34]. 
These findings suggest that while VAEs offer stable and interpretable 
property prediction pipelines, GANs are more effective at capturing 
complex structural features needed for practical electrocatalyst design. 
Nouira et al. [32] had discovered crystalGAN trained on various data
bases such as ICSD and Open Quantum Materials Database (OQMD), 
successfully generated novel crystal structures. Jangid et al. [35] 
demonstrated GANs’ ability to generate polycrystalline microstructures 
with fewer than 0.2 % nonphysical grains, while Yang et al. [36] used 
style-based GANs to optimize optical absorption by 4.8 %. These capa
bilities are crucial when modeling electrocatalysts, where defect struc
tures, heterogeneous surfaces, and atomic-level morphologies critically 
influence reaction rates and selectivity.

Hybrid models such as VAE-GANs [37] attempt to merge VAE 
interpretability with GAN realism, but often introduce training 
complexity and may compromise GANs’ structural fidelity. Given that 
electrocatalyst performance hinges on features such as surface site 
accessibility, lattice strain, and electron density distributions, GANs’ 
ability to replicate realistic atomic-scale variations offers a distinct 
advantage. Additionally, the rich structural and electronic data from the 

Materials Project (MP) database makes it well suited for training GANs 
that can infer both global trends and local structural details. Despite 
these advantages, the application of GANs to multi-metallic electro
catalyst discovery remains largely unexplored.

Here, we bridge this gap by deploying an AE-GAN framework to 
discover low-cost, non-noble metallic electrocatalysts optimized for 
cathodic reaction in glycerol ECR, as illustrated in Fig. 1. This model is 
trained on a curated dataset of about 40,000 materials from the Mate
rials Project (MP) and pymatgen databases, incorporating critical fea
tures such as formation energy, elemental electronegativity, and Fermi 
energy (Efermi). By learning implicitly from the compositional rules 
embedded in known stable compounds, the GAN generates realistic 
hypothetical candidates that are more likely to exhibit desirable elec
trocatalytic behavior. This data-driven approach not only accelerates 
the discovery of electrocatalysts but also provides a generalizable 
framework for sustainable chemical synthesis, thereby increasing the 
economic viability and sustainability of biodiesel production.

2. Methodology

2.1. Datasets buildups

A subset of metallic materials was extracted from the MP database, 
containing their crystalline materials data, thermodynamics and elec
trochemical properties recorded via high-throughput density functional 
theory (DFT) calculations and experimental data, see Table S1. The 
dataset comprises 153,311 metallic compounds based on 98 metals and 
metalloids.

To tailor the dataset for electrocatalytic discovery, multi-stage 
screening protocol was designed to filter the raw data through three 
critical selection tiers. First, non-metallic compounds and high-entropy 
systems (>3 metal species) were excluded despite their potential syn
ergistic effects, as they present several practical limitations: (1) inde
terminate active sites that hinder reproducibility and mechanistic 
studies [38], (2) complex synthesis requiring non-equilibrium methods 
that are cost-prohibitive for scalable production [39–41], and (3) 
limited evidence in catalytic literature demonstrating superior glycerol 
ECR performance compared to simpler bi-/trimetallic systems [42–44]. 
Second, noble metals, lanthanides, actinides, and hazardous elements 
were also excluded due to their prohibitive costs and sustainability 
concerns. Finally, the remaining 41 metals were verified for economic 
viability using the Herfindahl-Hirschman Index (HHI) [45] via mat
miner to prioritize low-cost, abundant candidates. Thus, only mono-, bi-, 
and trimetallic compounds, along with their oxides, were retained. 
Detailed records for the extracted compounds were stated clearly in 
Table 1.

This rigorous selection process yielded two key datasets: (1) the MP 
Train dataset (38,183 mono-, bi- and trimetallic compounds) repre
senting compositionally viable candidates of 41 metal elements, and (a) 
the MP_filter Train dataset (thermodynamically stable 4647 com
pounds) refined by thermodynamic stability filter built-in within the MP 
database–based on energy above hull and formation energy per atom. 
While this approach ensures practical feasibility, we acknowledge it may 
exclude potentially valuable metastable phases–a consideration 
addressed in our limitations section and targeted for future work.

2.2. GAN neutral networks training

A convolutional generative adversarial network was constructed 
from scratch comprising a generator (G) and a discriminator (D), as 
illustrated in Fig. 2. The generator adopts a staircase-like architecture 
composed of progressively expanding transposed convolutional layers. 
This design allows the network to gradually up-sample and refine latent 
noise vectors (Z) into structured material representations by incorpo
rating increasingly complex spatial patterns at each layer. Such hierar
chical generation is particularly suited for encoding compositional and 
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structural regularities often found in crystalline materials or catalytic 
motifs.

The discriminator was designed with an autoencoder-like structure, 
where input material candidates, either generated or real, are passed 
through a contracting convolutional encoder followed by a decoder that 
attempts to reconstruct the input. This approach is inspired by feature 
matching and reconstruction-based discrimination, where the network 
learns not only to distinguish real from fake inputs but also to 

reconstruct valid chemical and structural patterns. By embedding this 
autoencoding task, the discriminator provides richer gradients to the 
generator and helps stabilize training, especially in high-dimensional 
chemical spaces.

Both networks were optimized using the LeakyReLU activation 
function and trained for 100 epochs using a learning rate of 0.0002. 
Optimal hyperparameters (summarized in Table 2) were tuned empiri
cally to ensure convergence and diversity in the generated candidates. 

Fig. 1. Schematic diagram of how the computation works.

Table 1 
Extraction of filtered and non-filtered data for mono-, bi-, and trimetallic materials.

Filter Element amount Sample amount Dataset label

Mono Bi Tri Others Total

No filter 98 23,471 62,460 55,488 11,892 153,311 -
<=3 metals 98 23,471 62,460 55,488 - 141,419 -
Low-cost, <=3 metals 41 2426 15,497 20,260 - 38,183 MP
Stable, <=3 metals 98 4064 14,728 14,253 - 33,045 -
Stable, low-cost, <=3 metals 41 129 2090 2428 - 4647 MP_filter

Fig. 2. GAN architecture for low-cost non-noble metallic electrocatalysts.
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The framework was validated using 10-fold cross-validation, achieving 
consistent performance: mean absolute error (MAE) of 0.069 ± 0.006, 
mean squared error (MSE) of 0.081 ± 0.009, and root mean square error 
(RMSE) of 0.285 ± 0.017. Upon training completion, the GAN was used 
to generate 100,000 hypothetical electrocatalyst compositions, which 
were categorized into. MP_Generated (raw GAN outputs without post- 
screening), and MP_filter Generated (candidates filtered for stability 
and elemental feasibility).

2.3. Generated compound checks

In this study, rigorous three-tier chemical checks including validity 
check, uniqueness check and performance check were implemented, to 
ensure the generated materials are chemically plausible, structurally 
novel and functionally promising for glycerol ECR. Each check was 
designed to systematically filter out unstable, redundant, or catalytically 
inactive candidates, narrowing the selection to the most viable com
pounds for experimental synthesis.

2.3.1. Chemical validity check
Three chemical filters which includes charge neutrality (CN), elec

tronegativity balance (EN) and crystal system (CS) validity were applied 
to the training and generated sets. CN check was enforced to eliminate 
unrealistic stoichiometries where ionic charges were unbalanced, as 
such compounds would be inherently unstable. Here, we applied a deep 
learning-based charge-neutrality predictor BERTOS [46]. EN check was 
then applied to ensure that the predicted bonds between elements were 
physically reasonable. According to Davies et al. [47], a stable com
pound should obey the relation of χcation < χanion where the Pauling 
electronegativity scale was employed, which help reduces the allowed 
compositions. Whereas CS check, followed established methodologies 
from Hahn [48], performed to verify that the proposed atomic ar
rangements were compatible with known symmetry constraints, pre
venting nonsense or strained lattices. The percentages of materials 
within the training and generated datasets that obey these rules is 
calculated.

2.3.2. Uniqueness and novelty check
To check the uniqueness of the generated samples, the percentages of 

unique samples out of the number of all generated samples were 
calculated. Using structural, electrochemical and other descriptors 
fingerprinting, uniqueness was quantified by cross-referencing the 
generated dataset against known compounds in the original datasets. 
This step was crucial to avoid rediscovering known compounds or trivial 
variations of existing ones. Additionally, the distribution of the metallic 
combinations (mono-, bi-, and tri-metallic systems and their oxides) was 
analyzed to assess whether this GAN algorithm produced chemically 
diverse outputs or overrepresented certain compositions. Here, com
pounds with truly novel configurations were prioritized.

2.3.3. Descriptor-based performance check
This step evaluated whether the generated compounds possess 

electronic properties suitable for electrocatalytic reduction application. 
Two critical electrocatalytic features, such as Efermi and band gaps, were 
extracted, both of which influence surface reactivity and electron 
transport. Compounds were screened based on literature-informed 
thresholds that favor efficient electron transfer and selective product 
formation under cathodic conditions. Their features were extracted and 
illustrated into a violin plot for comparisons.

2.3.4. Model consistency check
To assess the consistency and credibility of the GAN-generated out

puts, their predicted properties were compared against independent ML 
models trained on experimentally and computationally derived datasets 
Specifically, two predictors–Magpie descriptors, constructed via the 
matminer package [49], to estimate average electronegativity, and 
ElemNet [50], a deep learning-based model for predicting formation 
energies–were implemented.

ElemNet [50] is a deep neural network that designed to predict 
materials properties using only elemental compositions as input. Unlike 
traditional ML models that rely on handcrafted physical descriptors, 
ElemNet learns chemical interactions directly from data, enabling it to 
generalize even to unseen chemical systems. It was pre-trained from 
scratch on large datasets like OQMD and fine-tuned using transfer 
learning for smaller DFT or experimental datasets. This enables it to 
generalize well, even to chemical systems not present in its training data, 
including predictions for phase stability and formation energy.

In our workflow, each GAN-generated compound was passed 
through ElemNet to predict its formation energy. Consistency was 
defined as a numerical agreement between the GAN and ElemNet pre
dictions within a strict tolerance of ±0.1 eV per atom. For electroneg
ativity, the Magpie-predicted average value served as a reference, and a 
compound was considered consistent if the GAN-generated value fell 
within the range defined by the Magpie mean ± average deviation. This 
comparative consistency check served as a secondary filter to reinforce 
the credibility of the GAN outputs and to identify candidates whose 
predicted properties reinforced by existing data-driven models.

2.4. Conditional screening for potential new candidates

A final conditional screening was applied to shortlist hypothetical 
materials with favorable profiles for glycerol ECR where all of them 
passed previous checks within Section 2.3. These top-performing can
didates will be advanced to experimental validations as potential elec
trocatalysts for glycerol ECR, which were selected based on their three 
key descriptors derived from prior computational studies [51,52], which 
includes thermodynamic stability based on their formation energy per 
atom (≤0.0 eV), phase stability of energy above hull (≤0.0 eV), and 
electronic properties of Efermi levels (>3.0 eV), potentially suppressing 
competing reactions like HER. Only compounds meeting all these 
criteria were selected as our best candidates for further application. This 
step narrowed down the search space to hypothetical materials that are 
not only chemically valid and novel but also meet key stability and 
electronic requirements relevant to electrocatalytic applications

2.5. Confirming stability with energy above hull calculations and phase 
diagram creation

To evaluate the phase stability of the top GAN-generated candidates, 
the energy above hull (Ehull) was calculated using a convex hull analysis 
based on Materials Project data. Formation energies predicted by the 
GAN were combined with elemental reference energies obtained via the 
Materials Project API. Each compound’s total energy was calculated as 
Equation 1, 

Table 2 
The final optimum hyperparameters for GAN models trained.

Component Hyperparameter Optimized value

General ‘latent_dim’ 100
Learning rate ‘initial_learning_rate’ 0.0002

‘decay_steps’ 1000
‘decay_rate’ 0.99
‘staircase’ True

Generator Layer sizes 512, 256, 128, 64, 128, 256, 512
‘activation’ LeakyReLU (alpha=0.2), ReLU (latent 

space), Tanh
‘momentum’ 0.8
‘disc_loss’ ‘binary_crossentropy’

Discriminator Layer sizes 256, 128, 1
‘activation’ LeakyReLU (alpha=0.2), Sigmoid
‘disc_loss’ ‘binary_crossentropy’
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Etotal =
(

EGAN
f ×Natoms

)
+
∑

i

(
ni × EMP

ref ,i

)
(1) 

where EGAN
f is the GAN-predicted formation energy per atom, Natoms is 

the total number of atoms in the formula unit, ni is the number of atoms 
of element i, and EMP

ref ,i is the reference energy per atom of element i from 
Materials Project. This total energy was then used to create a Compu
tedEntry, which was added to the set of known entries for that chemical 
system. Using pymatgen, the phase diagram was constructed with the 
PhaseDiagram class and computed each compound’s energy above hull 
using get_e_above_hull().

Compounds with Ehull ≤ 0.05 eV/atom were considered thermody
namically stable, while those within a moderate range (e.g., up to ~0.1 
eV/atom) were classified as metastable and potentially synthesizable 
under non-equilibrium conditions. To support interpretation, phase di
agrams were also plotted using the OQMD Phase Diagram Creation Tool, 
where GAN-generated compounds were visualized alongside known 
stable phases. This provided a graphical overview of each compound’s 
position within its phase space and helped assess its likelihood of for
mation relative to competing phases.

This two-part stability check—numerical Ehull validation and visual 
phase diagram inspection—ensured that only the most thermodynami
cally viable candidates were selected for further application.

3. Results and discussion

3.1. The model performance of GANs

The GAN model was trained and evaluated using 23 selected features 
encompassing electronic, structural, and compositional descriptors to 
comprehensively learning the complex relationships governing electro
catalytic materials. To rigorously assess the model’s robustness across 
diverse regions of chemical spaces, we conducted comprehensive k-fold 
cross-validation (CV) with varying partition numbers (k = 3, 5, 10) as 
listed in Table 3. Complete error values for each fold are recorded in 
Tables S2-S4. The 10-fold configuration emerged as the optimal 
approach, demonstrating the best balance between error minimization 
and stability–achieving mean absolute error (MAE) of 0.070 ± 0.006 
and root mean square error (RMSE) of 0.285 ± 0.017, both significantly 
lower than those reported in previous GAN-based published studies 
[53–55]. The low standard deviations highlight its consistency of the 
model’s performance across different data subsets. While 3-fold CV 
showed marginally lower mean errors (MAE of 0.065 ± 0.004) with 
artificially tight standard deviations, it suggests insufficient sampling of 
chemical diversity, potentially masking critical error modes in under
represented catalyst classes. The 10-fold’s superior reliability stems 
from several reason, including–larger validation subsets (10 % vs 33 % 
in 3-fold) that better preserve rare but catalytically important compo
sitions, more representative error distributions that account for mate
rials space heterogeneity, and alignment with established practices in 
computational materials science where thorough sampling outweighs 
marginal accuracy gains [56]. This rigorous validation approach ensures 
our performance metrics reflect true generalization capability when 
exploring novel electrocatalysts beyond the training set.

3.2. Training dynamics and loss convergence

The 10-fold CV-selected model’s adversarial training progression 
was monitored through the discriminator and generator losses, as 
illustrated in Fig. 3. There are three characteristic phases of GAN opti
mization for hypothetical materials generation, consistent with trends 
reported in previous studies [57,58]. The initial exploration phase 
(epochs 1–20) shows that the discriminator loss fluctuated between 0.28 
and 1.30, while the generator loss peaked at 2.21, reflecting the gen
erator’s early struggle to learn basic chemical validity constraints and 
try to produce realistic samples. By mid-training (epochs 20–50), the 
discriminator loss converges toward equilibrium of near 1.30, and the 
generator loss decreased approximately 0.85, indicating improved 
adversarial balance–reflecting the generator’s success in producing 
realistic data that could challenge the discriminator. The final refine
ment phase (epochs 50–100) maintains stable convergence where both 
losses plateaued, with the discriminator loss averaging 1.35 (±0.02) and 
the generator loss reaching 0.85 (±0.02), aligns with Ghosh et al. [57] 
where they observed approximately 1.4 and 0.7, respectively, for both 
losses. This equilibrium suggests that neither component overpowered 
the other, a critical factor for successful GAN training, demonstrates the 
model’s stability and adversarial balance [20]. The achieved loss values 
highlight the model’s capability to learn and generate high-quality 
synthetic data, further validated by the consistent performance across 
all 10 folds. The robustness underscores the suitability of our GAN ar
chitecture for the intended application.

The observed upward drift in the discriminator loss after epoch 50 
may reflect intentional under-optimization strategies designed to pre
vent mode collapse–a common challenge in GAN training where di
versity in generated samples is lost [20,59]. This strategic balance 
ensured the generator continued to produce diverse samples without 
collapsing to a limited set of outputs. The stable convergence of losses, 
combined with the low variability in loss metrics, underscores the 
model’s capability to generate high-quality synthetic data [60]. The 
discriminator’s final loss of approximately 1.35 indicates it remained 
effective but not overly dominant, while the generator’s loss of 0.75 
confirms its ability to produce plausible data that challenged the 
discriminator. Future work could explore architectural refinements, 
such as spectral normalization [61], to further reduce variance in later 
epochs and enhance training stability.

3.3. Mapping the metallic materials design space

The t-distributed stochastic neighbor embedding (t-SNE) dimen
sionality reduction technique was widely utilized to visualize the evo
lution of the metallic materials design space from the training set 
through progressively larger generations of synthetic samples [62], as 
shown in Fig. 4. This analysis reveals how the generative model explores 
and expands the chemical space while maintaining the fundamental 
structural relationships present in the original dataset. Unlike linear 
methods such as principal component analysis (PCA), t-SNE able to 
capture non-linear manifolds in the generated dataset, making it ideal 
for identifying complex cluster boundaries in metallic systems.

Fig. 4(a) displays the intrinsic organization of the original MP_filter 
dataset, showing several characteristic clusters corresponding to distinct 
families of metallic compounds [62]. Meanwhile, Fig. 4(b) demonstrates 
the model’s capacity to explore the chemical space with 100,000 
generated samples. Several critical observations can be seen here. 
Firstly, the core density regions maintain similar topological features to 
the training set, confirming the generator’s ability to preserve funda
mental metallic bonding characteristics [63]. Next, new substructures 
emerge at the cluster peripheries, representing novel compositional 
variations as well as the interstitial regions between original clusters 
show increased sampling density, suggesting the model identifies 
potentially stable intermediate phases not present in the training data
set. This balanced behavior–respecting established stability regions 

Table 3 
Error values for each fold of cross-validation for GAN models.

k-fold MAE MSE RMSE

3 0.065 ± 0.004 0.073 ± 0.005 0.269 ± 0.009
5 0.069 ± 0.004 0.083 ± 0.008 0.288 ± 0.014
10 0.070 ± 0.006 0.081 ± 0.010 0.285 ± 0.017
Average 0.069 ± 0.007 0.083 ± 0.009 0.288 ± 0.017
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while exploring new territory [64]–is particularly valuable for discov
ering unconventional electrocatalyst candidates. Similar trend can be 
seen in Fig. 4(c) for the generation of 300,000 samples. Our observed 
data distribution aligns with study by Dan et al. [30]’s t-SNE analysis of 
inorganic materials.

The progressive expansion observed from Fig. 4(a)–4(c) highlights 
the effectiveness of our GAN architecture in addressing a key challenge 
in materials generation: maintaining known stability relationships while 
enabling exploration of novel compositions. The absence of scattered 
outliers in later-generation plots indicates that the model has success
fully learned and internalized fundamental chemical constraints [62,
63]. This structured and directed exploration contrasts sharply with 
conventional random sampling approaches [65] and demonstrates the 
potential of our method for targeted discovery—particularly in the 
design of metallic catalysts, where preserving specific electronic struc
ture characteristics is essential, even in previously untested 
compositions.

3.4. Efficient sampling of the inorganic chemical space by the GANs

3.4.1. Validity and stability check
To evaluate the effectiveness of our GAN architecture in producing 

chemically valid and thermodynamically plausible hypothetical com
pounds, we implemented three fundamental chemical rules for validity 
checks–charge neutrality (CN) [46,47], electronegativity balance (EN) 
[47] and valid crystal system (CS) [48]. These rules are essential to 
ensure the newly generated compounds adhere to fundamental chemical 
principles for material stability and feasibility. The percentages of valid 
samples in both the training and generated sets were calculated for two 
different datasets–unfiltered dataset (MP) and stable-filtered dataset 
(MP_filter). As shown in Fig. 5, the generative model demonstrated a 
strong capacity for learning implicit chemical rules. However, the per
centage of validly generated samples was consistently lower than that in 
the training datasets, an observation also supported by insights from 
Jabbar et al. [66]. For CN, the unfiltered MP training dataset (MP Train) 
contains 73.25 % charge-neutral compounds, whereas the generated 
dataset achieves only 40.18 %. For MP_filter dataset, 68.42 % of the 

Fig. 3. The performance of our generator and discriminator within our GAN model.

Fig. 4. t-SNE reduction maps showing (a) the original training data distribution, (b) intermediate exploration with 100,000 generated samples, and (c) full design 
space coverage with 300,000 samples. Color intensity represents point density, with consistent axis scaling (− 150 to 150) across all panels for direct comparison.
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Fig. 5. Evaluation of the validity/stability of generated compounds.

Fig. 6. Distribution of formation energy of generated compounds to check its stability.
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generated compounds were charge-neutral, compared to 95.31 % in the 
training set. Compared to previous generative studies [30,67], our GAN 
frameworks generated a higher proportion of invalid hypothetical 
samples. This observation can be attributed to the smaller training 
dataset size, resulting from deliberate filtering criteria: exclusion of 
compounds with more than three metallic elements, presence of noble or 
hazardous metals, and unsuitability for electrocatalysis applications 
(such as sulphates, halides, nitrides, and carbonates). This smaller and 
chemically curated dataset likely limited the GAN’s exposure to a 
broader distribution of chemical patterns, thus affecting its generaliza
tion performance.

A similar trend was observed for valid crystal system check. The 
percentage of generated samples with a valid predicted crystal system 
was lower than their respective training sets for both MP and MP_filter 
datasets, at 81.09 % and 67.00 %, respectively. MP_filter Generated 
dataset recorded a slight lower percentage compared to the unfiltered 
MP Generated dataset. This reduced performance again highlights the 
challenge posed by limited training data for MP_filter with only 4647 
samples, constraining the GAN’s ability to fully learn crystal structure 
regularities effectively. In contrast, for EN check, all samples–both in the 
training and generated datasets of MP and MP_filter–achieved 100 % 
success rates. These results clearly indicates that the extracted low-cost 
non-noble metallic samples naturally comply with electronegativity 
balance, and crucially, that the GAN learned to respect this underlying 
complex rule during generation. Notably, this performance exceeds 
prior GAN studies that reported <80 % EN validity [30,31,67]. Overall, 
these results demonstrate that while dataset size affects the GAN’s 
ability to strictly follow certain chemical rules, especially CN and CS, its 
high EN validity and reasonable CN and CS performance across mono-, 
bi-, and tri-metallic systems confirm its strong potential to generalize 
fundamental chemical principles across diverse material classes.

Thermodynamic stability analysis based on formation energy dis
tributions (Fig. 6) revealed equally significant findings. For MP_filter- 
generated samples, almost every sample (above 90 %) exhibited nega
tive formation energies, indicating thermodynamic feasibility, 
compared to <80 % in the training set. This suggests the GANs not only 
preserves but slightly enhances stability during generation. In contrast, 
only about 60 % of samples generated from the unfiltered MP dataset 
were stable, reflecting limitations already present in the MP training 
data, where higher percentages of samples exhibited positive formation 

energies. This stark difference underscores the critical importance of 
training data quality in the success of generative materials design [31].

The implications of these results are profound for computational 
materials discovery. The model’s ability to maintain >70 % chemical 
validity across datasets suggests that GANs can significantly reduce the 
need for post-generation validation in inverse design workflows. How
ever, the stability results reveal an important limitation–while GANs 
excel at learning structural and compositional rules, their outputs 
remain constrained by the thermodynamic properties of the training 
data. Thus, it suggests that for optimal results, generative models should 
be paired with carefully curated datasets and potentially augmented 
with energy-based discriminators into the GAN architecture to further 
refine output quality [54,55,67]. The MP_filter model’s strong perfor
mance particularly highlights its potential as a practical tool for 
discovering synthesizable materials, whereas the MP model’s outputs 
could serve as valuable exploration space for metastable and 
non-equilibrium phases. These findings open new possibilities for tar
geted materials discovery while emphasizing the need for continued 
development in training strategies and data curation.

3.4.2. Uniqueness check
The uniqueness and novelty of GAN-generated compounds were 

systematically evaluated using two key metrics: uniqueness decay 
curves and material category-specific novelty rates. As shown in Fig. 7, 
our GAN model demonstrates exceptional generative capacity, main
taining 99.93 % uniqueness even after producing 400,000 samples for 
the MP_filter Generated dataset. This sustained high uniqueness suggests 
that the chemical space explored by our GAN extends well beyond 
simple memorization of the training data. The decay curve follows an 
expected logarithmic trend, with uniqueness gradually decreasing as 
more samples are generated–starting from 100 % uniqueness at early 
stages to 99.93 % at larger scales. On the other hand, MP Generated 
dataset exhibited a uniqueness rate of 96.93 % after generating 400,000 
samples. This slightly lower uniqueness, compared to the MP_filter 
dataset, is likely attributed to the broader elemental diversity and larger 
compositional space of the MP dataset, which contains almost 40,000 
samples. The wider range of compounds increasing the likelihood of 
generating structurally similar or repetitive compounds, thus reducing 
overall uniqueness. Notably, our GAN models produced higher 
uniqueness rate of generated samples compared to previous works [30,

Fig. 7. Uniqueness decay curves for the hypothetical generated samples from GAN trained on filtered and unfiltered dataset.

M.H. Moklis et al.                                                                                                                                                                                                                              Electrochimica Acta 539 (2025) 147096 

8 



31,54,67] with average of 80 % uniqueness rate for higher number of 
generated materials. This trend reflects the increasing difficulty of 
discovering entirely new valid configurations within a constrained 
chemical space as generation continues.

Category-specific analysis (Fig. 8(a)) reveals clear variations in how 
the GAN navigates chemical complexity. While trimetallics dominate 
the training set (52.25 %), followed by bimetallics (44.98 %) and 
monometallics (2.78 %), the generated set is heavily biased in the 
opposite direction where monometallics account for 42.58 % of gener
ated samples which includes their oxides, while trimetallics drop to 
22.75 %. This trend correlates with the GAN’s generative preference 
toward simpler chemical systems, likely due to lower compositional and 
structural constraints associated with monometallic phases [66]. In 
addition, the disproportionately higher generation of monometallic 
compounds can be attributed to the greater diversity in their numerical 
feature representation, even for structurally or compositionally similar 
compounds [20,68]. Given that our datasets have 22 selected numerical 
features (such as formation energy, electronegativity, density, etc.), 
small differences in these continuous descriptors can create a wide range 
of distinct inputs for relatively simple chemical compositions. Despite 
this bias, the model achieved near-perfect recovery rates across all cat
egories of 99.81–100 %, consistent with the results gathered for the 
uniqueness decay curve. This result showing that our GAN has effec
tively learned the training data while still exploring a wide chemical 
space. This strong balance between memorization and creative explo
ration, particularly within less complex systems, highlights the model’s 
generative flexibility and the important influence of feature-space 
complexity on materials discovery outcomes.

Further insights emerge when examining compound type distribu
tions, as illustrated in Fig. 8(b). In the training data, metallic and 
metallic oxide samples are almost evenly generated, with distribution 
percentage of 50.55 % and 49.45 %, respectively. However, the GAN- 
generated set shows a strong skew toward metallic oxides (68.84 %) 
over metallics (31.16 %). Thus, generative trend suggests that the model 
is more confident or capable in constructing metallic oxides, likely due 
to their configurational freedom and inherent stabilizing factors. 
Notable, novelty remains high for both groups, with 100 % and 99.74 % 
recovery rates for metallic oxides and metallics, correspondingly, 
further reinforcing the GAN model’s robust capacity to generate new, 
yet chemically valid compounds.

Collectively, these outcomes underscore our framework’s ability to 
generate new hypothetical compounds with maintaining high 

uniqueness even at large sample sizes, while also uncovering nuanced 
preferences in generative behavior. Its bias toward monometallic and 
oxide-rich compositions, coupled with strong recovery and novelty 
performance, makes it particularly suited for discovery tasks in alloy 
fabrication, oxide electrocatalysts, and compositionally simple systems.

3.4.3. Descriptor-based performance check
The quality of GAN-generated materials was further evaluated by 

comparing key electronic properties–Efermi, and band gaps–between 
generated and training samples, as shown in Fig. 4.9. The distributions 
reveal that the GAN models successfully capture and reproduce the 
essential electronic characteristics of the training data while maintain
ing the capacity for novel discoveries. The Efermi distributions (Fig. 9(a)) 
show equally promising results, with generated samples maintaining the 
statistical spread and characteristic peaks of the training dataset. 
Notably, the MP_filter-generated samples exhibit slightly tighter clus
tering around optimal Efermi values (5–10 eV) compared to the unfiltered 
MP outputs, suggesting that training on curated data enhances the 
model’s ability to produce electronically favorable configurations. This 
is particularly valuable for applications requiring specific electronic 
properties, such as semiconductor design or catalytic materials devel
opment. For band gap distributions (Fig. 9(b)), the generated samples 
from both MP and MP_filter datasets closely match their respective 
training dataset profiles, with particular accuracy in reproducing the 
proportion of wide-band gap materials (>1 eV). This precise replication 
demonstrates the model’s ability to learn and maintain the complex 
relationship between composition, structure, and electronic properties 
during generation.

There are two significant observations emerged throughout this 
analysis. The models show no signs of mode collapse, as evidenced by 
the maintained breadth of property distributions in both generated 
samples. In addition, the property distributions contain subtle but 
important variations from the training data–particularly in the 1–2 eV 
band gap range where the generated samples show a 15 % increased 
incidence compared to training data. This suggests the GAN is not simply 
memorizing training examples but exploring nearby regions of chemical 
space that may contain novel, potentially superior materials. This trend 
could be clearly observed within Fig. 9 where illustrating how the 
exploration of newly sample generation happened during GAN training.

The implications for materials discovery are profound. The demon
strated ability to reproduce complex property distributions while 
exploring new configurations positions these GANs as powerful tools for 

Fig. 8. (a) Distribution of new generated hypothetical materials for mono-, bi- and tri-metallics and their novelty rates of training and generated samples. (b) 
Distribution of metallic and metallic oxide compounds within the training and generated datasets.
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Fig. 9. Comparison of (a) Efermi, and (b) band gaps of the training and hypothetical compounds trained using our GAN frameworks.
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targeted materials design. For instance, the accurate generation of wide- 
band gap materials could accelerate discovery of semiconductors, while 
the controlled Efermi distributions benefit cathodic electrocatalyst 
development. Future work could leverage these capabilities by imple
menting property-targeted generation through conditional GAN (cGAN) 
architectures [66,69] or hybrid quantum-mechanical with ML ap
proaches [70,71] to further enhance property-specific generation 
accuracy.

3.4.4. Model consistency validation
To evaluate the robustness of the generated materials data, key 

predicted descriptors were cross-validated with independent reference 
models. Specifically, the GAN-generated values of key descr
iptors–average electronegativity and formation energy–were compared 
against trusted surrogate models: Magpie and ElemNet, respectively. 
This step was aimed at ensuring the predicted properties of hypothetical 
compounds remain physically reasonable and consistent with known 
chemical behavior.

For electronegativity validation, Magpie utilized to calculate average 
elemental properties based on known atomic descriptors. A GAN- 
generated compound was considered consistent in electronegativity if 
its predicted value fell within the mean ± average deviation range of the 
Magpie-calculated electronegativity for the same formula. Among the 
14,099 valid and unique hypothetical compounds that had passed initial 
chemical screening (including CN, EN, CS and uniqueness checks), 2876 
compounds (20.4 %) satisfied this electronegativity consistency crite
rion. The validation breakdown shows that 458 were monometallic, 
2040 were bimetallic, and 378 were trimetallic. This trend suggests that 
bimetallic compositions, which likely span a more moderate chemical 
space, had better alignment with Magpie’s empirical descriptors 
compared to trimetallic systems, where descriptor non-linearity and 
element interaction effects become more complex.

Formation energy is a key indicator of thermodynamic stability. To 
assess this, GAN-generated formation energies were strictly compared 
with those predicted by ElemNet, a deep-learning model trained directly 
on materials data. A stringent numerical tolerance of ± 0.1 eV/atom 
were applied, which is close to the reported MAE of 0.1064 eV/atom for 
ElemNet when benchmarked against MP-extracted stable compound 
data (RMSE of 0.1664 eV/atom with R2 score of 0.9776), as illustrated in 
Figures S1 and S2. This gives us confidence in using ElemNet as a reli
able reference, especially for screening large material datasets where 
direct DFT evaluation is time-consuming and costly. Only 876 com
pounds (6.2 %) passed this criterion with 90 monometallics, 758 bi
metallics and 28 trimetallics. The relatively low matching rate, 
especially in trimetallic compounds, reflects the challenge in accurately 
modeling formation energies for more compositionally complex sys
tems. These cases likely involve atomic interactions or local ordering 
effects that GAN may not fully capture and ElemNet may generalize 
over.

A summary of the screening pipeline is presented in Table 4, which 
shows that only a small subset of generated compounds met both the 
chemical validity rules and reference model consistency checks. This 

highlights the stringency of the dual-validation filter and its value nar
rowing down candidates to only the most promising ones for down
stream screening (e.g., catalytic activity or synthesizability). A sample of 
these validated compounds, including their Magpie electronegativity 
and ElemNet formation energy predictions, is shown in Table S17.

3.5. Conditional screening for potential new candidates

To strategically identify promising metallic electrocatalysts for 
glycerol electroreduction, a multi-stage conditional screening of the 
GAN-generated hypothetical materials was conducted. This process 
focused on ensuring both chemical feasibility and catalytic relevance 
through rigorous physicochemical and thermodynamic criteria. Candi
date compounds were filtered based on three fingerprint descriptors [51,
52]: 

(i) formation energy per atom of <0.0 eV to ensure thermodynamic 
favorability relative to isolated elements,

(ii) energy above hull <0.01 eV to confirm that compounds lie near 
or on the convex hull, indicating phase stability and resistance to 
decomposition, and

(iii) Efermi levels >3.0 eV to prioritize metallic and semi-metallic 
behavior, which supports efficient electron transfer under 
cathodic conditions, and potentially enabling selective surface 
interactions that suppress side reactions, particularly HER.

While these descriptors do not directly quantify catalytic activity 
metrics such as adsorption energies or reaction barriers, they act as 
necessary pre-screening criteria to ensure that selected candidates are 
both structurally stable and electronically suited for subsequent cata
lytic optimization. However, they are indirectly linked to ECR perfor
mance where metallic or narrow-band-gap structures improve charge 
transport and influence the density of states near the Fermi level, which 
affects intermediate binding (*CHO, *CO, *OH) [72]. Higher Efermi can 
enhance electron donation, lowering barriers for C–H or C–C activation 
but potentially increasing HER activity [73], while small band gaps and 
partially filled d-states promote surface reactivity that shapes adsorption 
energies and product selectivity [74,75].

Following these stricter filters, 18 high-performance hypothetical 
candidates including mono-, bi-, and trimetallic compounds were 
identified, as illustrated in Figure S3. These compounds, which passed 
every prior screening stage, including charge neutrality, electronega
tivity balance, and valid crystal structure checks (see Table S6). The top 
candidates mostly exhibited metallic character, supporting their appli
cation potential as cathodic electrocatalysts. The breakdown of these 
high-performing candidates is summarized in Table 4. Notably, 
elemental clusters featuring cobalt and zirconium were frequently 
observed among the top-ranked candidates, with representative exam
ples including CoZrO2, CoBaZrO, Co2TiZrO, and NbCoZrO2 (see 
Table S5). These findings point to the emergence of Co-Zr-based 
frameworks as promising design motifs in cathodic catalysis. In addi
tion, to assess their novelty, detailed database and literature searches 
were implemented through major repositories such as OQMD, ICSD, 
Materials Project, Crystallographic Open Database (COD), Spring
erMaterials and Automatic FLOW for Materials Discovery (AFLOW) 
revealed no prior reports of these compounds within their databases. In 
addition, thorough targeted searches were also performed in catalytic 
and electrochemical literature databases like Web of Science and Scopus 
to confirm that these compositions have not been previously reported as 
electrocatalysts. These additional cross-checks strengthen confidence 
that the identified top candidates are indeed novel within the current 
experimental and computational landscape, underscoring the unique
ness of this GAN-generated composition.

Table 4 
Summary of the electrocatalyst candidates which passed all the chemistry rules 
within the developed multi-stage screening and exhibits favorite features as 
cathodic electrocatalyst.

Screening criteria Sample amount

Mono Bi Tri Total

Passed validity (CN, EN, CS) and uniqueness 
checks

6291 5772 2036 14,099

Passed model consistency validation 
(a) Magpie’s average electronegativity 
(b) ElemNet’s formation energy

458 
90

2040 
758

378 
28

2876 
876

Passed further high-performance descriptor 
filters

3 7 8 18
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3.6. Confirming stability with energy above hull calculations

The phases stability of the top GAN-generated compounds was 
evaluated using energy above hull (Ehull) analysis. GAN-predicted for
mation energies were combined with reference elemental energies from 
the MP database, and convex hull calculation were performed using 
pymatgen. These results were cross-validated with the OQMD Phase 
Diagram Creation tool, which also provided decomposition pathways. 
Ehull values indicate whether a compound is thermodynamically stable 
(Ehull ≈ 0), potentially metastable, or unstable, based on its position 
relative to the convex hull of competing phases. The updated analysis 
was recorded in Table S6 and it shows that Co₂TiZrO (Ehull = 0.0 eV/ 
atom) and NbO (Ehull = 0.0 eV/atom) are predicted to be thermody
namically stable. Several other candidates, including NbCoZrO₂ (Ehull =

0.499 eV/atom), CoBaZrO (Ehull = 0.699 eV/atom), and CoZrO₂ (Ehull =

0.522 eV/atom), exhibit Ehull values mostly ranging from 0.5 to 0.8 eV/ 
atom and are classified as potentially metastable. Notably, these com
pounds are not ground-state phases but may still be experimentally 
accessible [15,76,77], especially under non-equilibrium or kinetically 
controlled synthesis routes, such as pulsed electrodeposition or rapid 
quenching [78,79].

OQMD phase diagram calculations provide specific decomposition 
pathways for these metastable systems. CoBaZrO is predicted to 
decompose into 0.167 Ba + 0.0833 BaZrO3 + 0.0833 ZrCo + 0.0833 
ZrCo2 with a decomposition energy of –1.585 eV/atom. Similarly, 
CoZrO2 decomposes into 0.25 Co + 0.25 ZrO2 (–2.729 eV/atom), 
Nb2TaMoO2 decomposes into 0.0111 Ta3Nb2Mo3 + 0.0444 Nb5Mo3 +

0.0889 Nb + 0.0667 Ta2O5 (–1.516 eV/atom), and NbTaO2 decomposes 
into 0.1 Nb + 0.05 TaNb3 + 0.1 Ta2O5 (–2.201 eV/atom). These path
ways reveal the likely equilibrium products and their associated 
decomposition energies, which provide an additional layer of informa
tion beyond the scalar Ehull value. Compounds with lower-magnitude 
decomposition energies and simple competing phases are often more 
synthetically accessible, particularly when kinetic barriers can suppress 
full phase separation.

This interpretation aligns with previous experimental reports where 
compounds predicted to be metastable were successfully fabricated and 
retained under controlled conditions. For instance, Dean et al. [80] 
found that CuZrO3, although calculated to be unstable with respect to 
CuO and ZrO2, could be partially synthesized but readily decomposed to 
those phases—illustrating the importance of kinetic barriers. In contrast, 
Urban et al. [81] demonstrated that LiCo0.5Zr0.5O2, predicted to be 
metastable in a cation-disordered form, was synthesized via solid-state 
techniques and maintained its metastable structure. Similarly, Duan 
et al. [82] reported ZnCo2-ₓNixO4 spinels (x = 0.6–0.8) that were theo
retically predicted to be metastable yet were experimentally stabilized, 
showing functional activity due to lattice oxygen participation. 
Furthermore, Kong et al. [83] quantified kinetic barriers (≈0.1 eV/a
tom) for phase transitions in CoO-based systems, correlating 
DFT-predicted barriers with experimentally observed retention of hex
agonal or cubic CoO under rapid synthesis conditions. Classical studies 
[84,85] also reported that metastable CoO polymorphs can be trapped 
due to significant transition barriers (≈37 ± 10 kJ/mol), while Zeng 
et al. [86] measured a diffusion activation barrier of ≈0.21 eV for 
Co3O4–CoO transitions on ZrO2 supports, indicating that kinetic limi
tations can preserve metastable phases under practical conditions.

Fig. 10 shows the phase diagram positions of GAN-generated elec
trocatalyst candidates based on their compositions including (a) Co-Ba- 
Zr oxides, (b) Co-Ti-Zr oxides, and (c) Nb-Ta-Mo oxides, that passed all 
screening filters. Phase diagrams generated using OQMD further illus
trate these compounds’ positions relative to known competing phases, 
see Fig. 10. Most of the metastable entries cluster near the convex hull 
boundary, which supports their potential viability in applications where 
kinetic control or surface-specific stabilization plays a role. These results 
highlight the effectiveness of the GAN-assisted generation in discovering 
realistic compound spaces, while also showing that energetic stability 

Fig. 10. Phase diagram positions of GAN-generated electrocatalyst candidates 
based on their compositions including (a) Co-Ba-Zr oxides, (b) Co-Ti-Zr oxides, 
and (c) Nb-Ta-Mo oxides, that passed all screening filters, including chemical 
validity, electronic properties, and thermodynamic stability. Stable and meta
stable compounds are shown relative to known competing phases.
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remains a key limiting factor—only a small fraction of the screened 
materials passed all chemical and phase stability checks. Nevertheless, 
the identification of previously unreported near-stable trimetallic oxides 
demonstrates the model’s capacity to uncover unconventional yet 
potentially synthesizable electrocatalyst candidates that lie outside the 
conventional design space.

3.7. Literature correlation and Co-Zr-X system insights

Cobalt-based catalysts have gained significant attention as affordable 
and efficient alternatives to noble metals in various electrocatalytic and 
catalytic applications. In particular, cobalt has been widely studied for 
reactions such as the oxygen reduction and evolution reactions (ORR/ 
OER), hydrogen evolution reaction (HER), and CO₂ reduction (CO₂RR). 
These reactions are central to energy conversion technologies like fuel 
cells, water electrolysis, and carbon recycling [87–89]. Cobalt is often 
incorporated into diverse material frameworks—including oxides, sul
fides, chalcogenides, layered double hydroxides, and metal-organic 
frameworks—to tune its activity, selectivity, and durability under 
electrochemical conditions [88,90,91]. Bimetallic cobalt-containing 
systems, such as Co-Fe, Co-Ni, Co-Zr or Co-based zeolitic imidazolate 
frameworks (ZIFs), have demonstrated improved catalytic activity and 
stability compared to their monometallic counterparts [92,93]. Cobalt 
oxide nanostructures supported on carbon nanotubes or nitrogen-doped 
carbon frameworks show ORR onsets around 0.93–0.95 V and OER 
overpotentials near 480 mV at 10 mA cm⁻², sustaining hundreds of hours 
in zinc–air battery testing [94,95]. Duan et al. [82] stabilized ZnCo₂-x

NiₓO₄ (x = 0.6–0.8), also predicted to be metastable by DFT, using 
high-temperature synthesis followed by controlled cooling; the resulting 
materials exhibited lattice oxygen activity in OER. Such reports under
score that composition control, defect engineering, and tailored nano
structures are key for bifunctional performance in energy conversion 
devices.

The integration of zirconium and barium into cobalt-based systems 
further enhances their catalytic performance [96]. Zirconium is known 
for its high chemical stability and strong metal–oxygen bonding, which 
can improve structural integrity under harsh conditions. It forms strong 
metal–oxygen bonds (Zr–O bond energy ~760 kJ/mol [97]), which 
confer resistance to corrosion in both acidic and alkaline environments. 
Barium zirconate (BaZrO3), a perovskite-type oxide, serves as a robust 
support with high thermal and chemical stability, as well as favorable 
oxygen ion conductivity. Studies have shown that cobalt catalysts sup
ported on BaZrO3 exhibit enhanced CO₂ methanation performance, 
especially when modified with Pt atoms [98], suggesting strong metal
–support interactions and improved dispersion of active sites. Urban 
et al. [81] synthesized LiCo0.5Zr0.5O2—a cation-disordered metastable 
oxide predicted by Monte Carlo and quasirandom models—using 
solid-state techniques, demonstrating that non-equilibrium routes can 
trap phases outside the convex hull. Dean et al. [80] attempted to syn
thesize CuZrO3 predicted as low-energy but metastable, which decom
posed into CuO and ZrO2—showing that kinetic barriers must be 
sufficiently high to preserve such phases. These studies collectively 
indicate that cobalt oxides—including those incorporating zirco
nium—can be synthesized and stabilized even when predicted meta
stable, provided that kinetic factors (quenching rate, atmosphere, and 
precursor design) are controlled.

While direct studies on trimetallic Co–Ba–Zr systems in electro
catalysis remain limited, existing literature highlights the individual and 
synergistic roles of these elements. Cobalt acts as the primary active 
center, barium contributes to structural stability and may influence 
surface basicity, and zirconium provides mechanical robustness and 
corrosion resistance—making the Co–Ba–Zr combination highly prom
ising for electroreduction environments. Similarly, the Co–Ti–Zr ternary 
space, although underexplored, holds significant potential. Titanium is 
widely used as a support in electrocatalysis due to its stable oxides, such 
as TiO2 and TiZrO4, which enhance cobalt dispersion and electron 

transfer [99,100]. The redox-active Ti3+/Ti4+ pairs also introduce 
charge compensation mechanisms that can be beneficial during catalytic 
reactions. In combination with zirconium, Ti–Zr oxides (e.g., ZrTiO4) 
offer tunable acid-base properties and strong resistance to corrosion, 
further reinforcing catalyst durability [101–103]. One major challenge 
in synthesizing these ternary systems is avoiding phase segregation. 
Recent advances in synthesis, such as pulsed electrodeposition from 
aqueous metal precursors [39,104], allow for precise control over 
composition and phase, making these systems experimentally accessible 
for further exploration in catalytic domains.

In summary, cobalt–barium–zirconium, and cobalt–titanium-zirco
nium systems are emerging as strong candidates in catalysis and elec
trocatalysis due to their combined advantages: catalytic activity, 
thermal and chemical stability, tunable surface chemistry, and struc
tural durability under electrochemical conditions. The results highlight 
that the data-driven approach underscores the potential of GAN-assisted 
discovery to accelerate the exploration of complex catalyst compositions 
beyond the traditional design space. However, further experimental 
studies are still needed to fully map their structur
e–property–performance relationships across different applications.

4. Limitations and future outlook

This GAN study has demonstrated its significant potential in 
discovering specific low-cost, non-noble metallic electrocatalysts for 
cathodic reaction, particularly for glycerol electroreduction. However, 
several limitations were acknowledged that should be addressed to 
ensure more reliable, scalable, and experimentally relevant outcomes.

First, the performance of the GAN is fundamentally limited by the 
quality and diversity of its training data. While the Materials Project 
(MP) database offers a large and well-curated set of computational data, 
much of it—especially formation energies and surface-related proper
ties—remains unvalidated experimentally. This reliance on DFT- 
calculated values introduces uncertainty and bias, particularly for 
compositions that have not yet been synthesized or tested in the lab 
[20]. It also underrepresents kinetically stabilized or metastable phases, 
such as amorphous alloys and high-entropy materials, which often 
exhibit favorable catalytic properties. As a result, viable candidates may 
be missed entirely if they fall outside the data distribution the GAN has 
learned from. In addition, the GAN seems struggles to generalize these 
underrepresented chemistries, especially when compositional 
complexity exceeds the available training data coverage, which signifi
cantly impedes its ability to predict novel, high-performing catalysts 
reliably [66,67]. This bottleneck becomes more pronounced in 
multi-metallic systems, where the combinatorial space grows rapidly, 
increasing the risk of missing or inaccurately predicting promising 
candidates. In this context, our current work deliberately excluded 
high-entropy materials (>3 principal metals) and other complex 
multi-element systems due to their synthesis often requires 
high-temperature melting, advanced sputtering, or other 
resource-intensive methods, resulting in low throughput, and cost con
siderations. Moreover, studies highlight unresolved challenges in this 
catalytic system, including poorly understood active sites and limited 
phase-structure characterization. While they exhibit unique “cocktail 
effects”, high configurational entropy, lattice distortion, and sluggish 
diffusion [43,44]–traits that collectively contribute to enhanced stabil
ity, tunable electronic structures, and potentially enhanced glycerol 
electroreduction performance–excluding them restricts the search 
space. Future efforts should expand the generative scope to selectively 
include high-entropy candidates.

Another critical limitation lies in the current training and screening 
framework. The descriptors used—formation energy, energy above hull 
(Ehull), and Fermi energy—are essential for ensuring chemical feasi
bility, thermodynamic stability, and metallic conductivity. These are 
prerequisites for functional electrocatalysts but do not directly quantify 
catalytic metrics kinetic accessibility, decomposition barriers, or 
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catalytic activity metrics (e.g., adsorption energies of key intermediates, 
surface reconstruction behavior, or reaction transition states). A com
pound with a moderate Ehull may remain experimentally realizable if 
kinetic barriers to decomposition are high, but our current analysis does 
not quantify such barriers. Similarly, catalytic selectivity and reaction 
rates depend on properties—such as *OH and *CHO binding energies or 
proton–electron transfer barriers—that are not included in the present 
GAN pipeline. These missing parameters are key determinants of real 
catalytic activity, selectivity, and hydrogen evolution reaction (HER) 
suppression under operating conditions [105,106]. These insights are 
crucial to understanding the practical behavior of electrocatalysts in 
real-world environment. These missing factors limit the predictive value 
of the generated candidates in dynamic electrochemical environments.

Future work should extend the framework to include kinetic 
modelling and catalytic descriptors. This includes using nudged elastic 
band (NEB) calculations [107,108] or similar transition-state methods 
to estimate activation barriers for phase decomposition, cation diffusion, 
and polymorphic transitions, which would clarify whether predicted 
metastable phases can be stabilized under rapid quenching, pulsed 
deposition, or low-temperature synthesis. Vacancy migration energies, 
oxygen diffusion coefficients, and surface exchange rates could be 
determined via ab initio molecular dynamics (AIMD) or climbing-image 
NEB to link predicted structures to practical stability timescales [109]. 
In parallel, incorporating DFT or surrogate ML models to predict 
adsorption energies, reaction barriers, and other electronic descriptors 
would help evaluate catalytic activity and selectivity under electro
chemical conditions [110,111].

Integrating active learning loops with experimental validation could 
refine the GAN’s predictions, enabling iterative improvements based on 
real-world data [112]. This iterative improvement could bridge the gap 
between theoretical predictions and practical reality. Another potential 
advancement is the hybridization of GANs with physics-based simu
lations–DFT or molecular dynamics–to better predict kinetic and cata
lytic properties, such as reaction barriers or selectivity [113,114]. 
Future work must integrate more explicit mechanistic descriptors. For 
instance, including DFT-calculated *OH or *CHO binding energies, or 
developing surrogate ML models trained to predict these 
adsorption-related properties at scale, would significantly improve the 
catalytic relevance of the screening process. However, the computa
tional cost of such hybrid models remains a significant bottleneck, 
especially when exploring vast chemical spaces.

Expanding the training dataset to include more experimental results, 
metastable phases, and curated high-entropy materials compositions 
would also broaden the generative scope. Selectively introducing high- 
entropy materials into the search space will require (i) larger, compo
sitionally diverse datasets; (ii) in situ/operando characterization to 
capture their dynamic structure-activity relationships; and (iii) more 
advanced generative models that embed physics-based constraints. In 
addition, data augmentation strategies–such as generating synthetic 
training samples [115,116] as well as employing hybrid VAE-GAN ar
chitectures [24,37,117]–could be explored to improve compliance with 
fundamental chemical rules and enhance generalization to underrepre
sented chemistries. Conditional GANs (cGANs) [69,118] could also be 
employed to tailor specific catalytic properties, such as selective glycerol 
adsorption or suppression of competing HER. Additionally, in order to 
accelerate validation, electrodeposition of the top-performing candidate 
(Co-Zr-X compounds) will be prioritized as a proof-of-concept, using 
bath compositions guided by DFT-calculated reduction potentials [39]. 
These synthesized electrocatalysts will be evaluated experimentally 
through electrochemical testing to confirm their electrocatalytic per
formance which includes linear sweep voltammetry (LSV), chro
noamperometry, and product distribution analysis [39,40,88]. This 
strategy is paramount to bypass traditional solid-state synthesis chal
lenges, facilitates direct electrode integration, and will provide essential 
data to confirm HER suppression, stability, and catalytic selectivity. 
Therefore, by addressing these challenges, the GAN framework has the 

potential to revolutionize the field of electrocatalyst design–not just for 
glycerol electroreduction, but also for a wide range of waste valorization 
[119,120] as well as sustainable energy [121,122] applications.

5. Conclusion

This study successfully demonstrates the potential of GANs in 
accelerating the discovery of low-cost non-noble metallic electro
catalysts tailored for glycerol ECR. By training on a curated dataset of 
mono-, bi-, and trimetallic compounds extracted from the MP database, 
the GAN model successfully generated over 400,000 hypothetical can
didates with a significant uniqueness rate of 99.94 %, confirming its 
capability to explore unexplored chemical spaces while maintaining 
structural diversity. To ensure chemical plausibility, the generated 
compounds were subjected to a series of chemical knowledge-based 
filters. The percentage of chemically valid–charge-neutral, 
electronegativity-balanced and valid crystal system–samples out of all 
generated samples recorded for about 70 %, reducing the pool to 14,099 
compounds. This stage confirmed that the GAN was capable of learning 
implicit chemical composition rules to form valid and stable com
pounds, even though no hard-coded constraints were imposed during 
training.

Additionally, to further assess the reliability of the generated de
scriptors, an additional consistency validation step using independent 
reference models was introduced. Specifically, Magpie was used to 
evaluate the average electronegativity, and ElemNet, a deep learning- 
based formation energy predictor, was used to assess thermodynamic 
consistency. A total of 2876 compounds (20.40 %) aligned with Magpie, 
while 876 (6.21 %) matched ElemNet. These compounds were then 
evaluated against application-specific criteria for glycerol ECR based on 
three fingerprint descriptors–formation energy per atom (below 0.0 eV), 
energy above hull (below 0.0 eV), and Efermi levels (above 3 eV)–was 
deployed and extracted 18 hypothetical candidates for cathodic elec
trocatalyst fabrication. The latter was calculated using formation en
ergies and Materials Project references via pymatgen, with stability 
assessed through convex hull analysis. Visualization was performed 
using OQMD’s phase diagram tool. All 18 candidates met these stringent 
thresholds, underscoring the robustness of the multi-layered filtering 
process. Several of which were confirmed as stable or near-stable (Ehull 
<0.1 eV) and are thus potentially synthesizable under experimental 
conditions.

The top-ranked systems, particularly Co-Ba-Zr and Co-Ti-Zr trime
tallic oxides, exhibiting desirable features such as thermodynamic sta
bility, metallic behavior, and compositional synergy. These systems 
offer a compelling alternative to Pt-based catalysts, with the potential to 
suppress hydrogen evolution while enhancing selective glycerol 
reduction.

Conclusively, this study highlights three key advancements: 

1. the GAN’s ability to implicitly learn complex chemical rules, despite 
there is no explicit chemical rules had been enforced,

2. the identification of cost-effective alternatives to the widely used Pt- 
based electrocatalysts, addressing a critical bottleneck in biodiesel 
by-product valorization; and

3. the framework’s scalability, which reduces the combinatorial burden 
of traditional catalyst discovery. However, the limitations such as 
reliance on DFT-derived training data and the lack of kinetic insights 
underscore the need for future integration of experimental validation 
and hybrid physics-AI models.

By bridging computational design and practical application, this 
work lays the foundation for data-driven electrocatalyst discovery, with 
implications extending to other sustainable energy processes. Future 
efforts should focus on experimental synthesis of top candidates via 
electrodeposition of top Co-Zr-X (X=Ba, Ti) candidates on carbon sub
strates and conducting electrochemical testing. These experiments will 
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be essential to verify activity, selectivity, and HER suppression under 
practical conditions. In parallel, methodological improvements will 
include applying cGAN for property-specific optimization, and active 
learning loops to refine predictions. By bridging computational design 
and experimental validation, this framework establishes a pathway to
ward data-driven electrocatalyst discovery with implications extending 
beyond glycerol ECR to broader applications in waste valorization and 
sustainable energy systems.
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