
A brief overview of deep generative models and how they can be used to
discover new electrode materials

Downloaded from: https://research.chalmers.se, 2025-02-22 19:50 UTC

Citation for the original published paper (version of record):
Hellman, A. (2025). A brief overview of deep generative models and how they can be used to
discover new electrode
materials. Current Opinion in Electrochemistry, 49. http://dx.doi.org/10.1016/j.coelec.2024.101629

N.B. When citing this work, cite the original published paper.

research.chalmers.se offers the possibility of retrieving research publications produced at Chalmers University of Technology. It
covers all kind of research output: articles, dissertations, conference papers, reports etc. since 2004. research.chalmers.se is
administrated and maintained by Chalmers Library

(article starts on next page)



Available online at www.sciencedirect.com

ScienceDirect
Current Opinion in

Electrochemistry
Review Article
A brief overview of deep generative models and how
they can be used to discover new electrode materials
Anders Hellman
As humankind searches for sustainable energy solutions, the
demand for electrochemistry has increased. Thus, new and
more advanced electrode materials are required. However,
finding electrodes that meet the necessary performance is a
challenge. Machine learning models can predict key properties
such as catalytic activity and stability with surprisingly good
accuracy, thus accelerating the process of evaluating mate-
rials. However, in most cases, the same models cannot explain
how to generate new material compositions. Here, deep
generative models can become very valuable. Although issues
related to data availability and understanding how these
models work still exist, combining deep generative models with
computer simulations and laboratory experiments hold great
potential for developing the next generation of electrodes. This
short review will show recent progress in using deep genera-
tive models in related material fields and stress how these
models can accelerate the discovery of electrode materials.
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Introduction
As humankind is becoming more and more concerned
about sustainability and energy demands, the interest
in electrochemistry for addressing challenges related to
energy storage and conversion [1] has become even
higher. As the world transitions toward greener energy
technologies, there is an urgent need to develop
advanced electrochemical materials that must meet
strict criteria for performance, durability, and
www.sciencedirect.com
cost-effectiveness to be viable for large-scale applica-
tions in the industrial sectors [2].

Despite recent developments in material research, the
challenge of finding new or improved materials that
meet all these requirements is severe. The traditional
paradigm used in material discovery has, to a large
extent, relied on experimental trial-and-error, and while

often successful, can be very time-consuming and
resource-intensive. The introduction of density func-
tional theory (DFT) resulted in a shift of this paradigm,
i.e. the possibility of calculating electronic properties of
materials from first-principles allowed for the material
discovery and design via a computational approach
[3e6]. This, combined with advances in high-perfor-
mance computing, has allowed for high-throughput
screening of materials, and as a consequence, there has
been a significant speed up in material discovery.
However, DFT and other quantum chemistry methods

are still limited by the need to know the chemical
composition and structural information of materials
beforehand, which limits the discovery of novel mate-
rials outside of these predefined spaces. To overcome
these limitations, methods to predict crystal structures
have recently been developed [7,8]. Even with these
advancements, the process of finding the “best” mate-
rial still depends, to a certain degree, on luck, owing to
the size of the material space.

Machine learning (ML) has, in recent years, become a

popular tool for material science [9e22], as it offers an
efficient alternative to the more traditional methods,
such as DFT or other quantum chemistry methods.
Different ML techniques, see Figure 1, have made it
possible to evaluate thousands of material candidates in a
fraction of the time required by traditional methods.
Here, models such as linear regression, logistic regres-
sion, K-nearest neighbors, and Bayesian Models have
been widely used in predicting properties of materials
and, as a consequence, been able to guide researchers in
exploring new material compositions. The combination

of high-throughput computational methods with ML
have already led to the identification of promising ma-
terials for energy storage [23e25] and conversion
[26e29], some of which are currently undergoing
experimental testing. Despite the progress in using ML
in electrochemical material discovery [30e37,2,38,39],
some challenges still need to be addressed. For ML
Current Opinion in Electrochemistry 2025, 49:101629
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Figure 1

The figure illustrates the trade-off between model complexity and interpretability, highlighting where developments in AI may lead to future improvements.
This potential for improvement is marked in green, with arrows indicating directions for enhancing both aspects. Reprinted from Publication [12], Copyright
(2020), with permission from Elsevier.
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models, large, good-quality datasets are needed to make
accurate predictions; however, electrochemical systems
typically suffer from a lack of consistent and adequate

computational/experimental data. To address this, efforts
are underway to improve data collection and standardi-
zation/sharing across the scientific community [40,39]. A
second challenge is that the common use, so far, of ML in
electrochemistry is to primarily use ML to evaluate
candidates and then identify the best candidates given
some criteria, for instance, stability or activity. The initial
set of candidates is extracted from various databases, e.g.
NOMAD or Open Quantum Materials Database. There
are several examples, for instance, Chen et al. [41] and
Zhong et al. [42] used ML to identify alloys suitable for

HER and electrode materials suitable for CO2 reduction,
respectively. Besides identifying the best candidates in a
dataset, ML is also used to correlate catalyst descriptors
and properties, which later can be used to screen more
candidates rapidly. However, examples of generating
material candidates in electrochemistry via more
advanced ML methods are lacking.

Deep learning models, a subset of ML, are well-suited
for material discovery because they can handle com-
plex, high-dimensional data and automatically learn

intricate patterns from large datasets without the need
for manual feature extraction [43,15]. In materials sci-
ence, the data often involves many parameters, such as
atomic compositions and bonding structures, all result-
ing in nonlinear relationships that are difficult to model
using traditional machine-learning techniques. Deep
Current Opinion in Electrochemistry 2025, 49:101629
learning architectures can capture these complexities,
allowing for the discovery of hidden correlations in ma-
terial properties and behaviors [15,17,34,20,44]. How-

ever, all of the above ML techniques, including deep
learning models, are well-suited to evaluate some
properties given a material composition but not the in-
verse, i.e. suggest a composition with some properties.

Deep generative models build on the power of deep
learning and use it to generate novel material composi-
tions and structures [11,25]. One of the key strengths of
deep generative models in material discovery is their
ability to predict the properties of generated materials.
This is made possible as the deep generative models

construct a continuous materials vector space, often
called latent space. After extracting the essential infor-
mation from the training dataset and converting it into
the latent space, new data points can be generated
whenever needed. Moreover, a link between the latent
space and a specific property can be established, which
allows for the creation of new materials with properties
within a desired target range, i.e. enabling inverse
design. This predictive power helps narrow the search
space significantly, focusing on the most promising
candidates. For example, instead of experimentally

testing hundreds or thousands of materials, a deep
generative model can predict a few top candidates that
are likely to meet the performance criteria. Additionally,
by examining the latent space constructed by the
models, we can gain a better understanding of why
certain material compositions outperform others. In the
www.sciencedirect.com
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following sections, we will introduce some of the state-
of-the-art deep generative models and highlight some of
the latest contributions that have recently been used for
material discovery.
Deep generative models
Deep generative models, such as generative adversarial

networks (GANs), variational autoencoders (VAEs), and
diffusion models, see Figure 2, have become powerful
tools for understanding complex data distributions [15].
They enable the creation of realistic and novel samples
and have found applications in various domains,
including image generation, natural language processing,
and materials science [45e48,24,49]. By learning the
underlying distribution of data, these deep generative
models can generate new materials that exhibit com-
parable properties to the original material data [11].

GANs are a type of deep generative model that consists
of two neural networks, a generator, and a discriminator,
trained in an adversarial manner. The generator takes
random noise as input and generates samples that
resemble the training data, while the discriminator at-
tempts to distinguish between real data from the training
set and the fake data produced by the generator. These
two networks are trained simultaneously, with the
generator constantly improving its ability to create real-
istic samples to “fool” the discriminator, and the
discriminator learning to improve its ability to distinguish

real samples from fake ones. This adversarial dynamic is
the foundation of GANs, allowing them to generate
highly realistic data. GANs have proven to be highly
effective for generating diverse and high-quality mate-
rials. In the field of materials science, GANs have been
used to create new molecular structures and crystal lat-
tices by learning the distribution of existing compounds
[7,2]. For instance, GANs can be trained on a dataset of
known organic molecules and then used to generate
entirely new molecular structures with desirable prop-
erties, such as high thermal conductivity or optimized

electronic characteristics. Conditional GANs (cGANs)
can be used to generate materials conditioned on specific
material properties, making the material discovery pro-
cess even more targeted [11], which is invaluable for
fields like catalyst design and battery technol-
ogy development.

VAEs are probabilistic generative models that learn
input data distribution using latent variables. VAEs
comprise two main components: an encoder and a
decoder. The encoder reduces the input data to a lower-

dimensional form in a latent space while preserving the
most important features. Unlike traditional autoen-
coders, VAEs map the input to a probability distribution,
typically a Gaussian distribution, rather than a single
point in the latent space. The decoder reconstructs the
original data by sampling a point from the latent
www.sciencedirect.com
distribution. This allows for the generation of new
samples by sampling different points in the latent space.
An important feature of VAEs is that the model learns a
continuous latent space, which enables smooth inter-
polation between different points in the latent space.
This implies that new samples can be generated with
varying degrees of similarity to the original data. VAEs
constructs the latent space by minimizing a loss func-

tion that combines two components: a reconstruction
loss, which measures how well the reconstructed output
matches the original input, and the KullbackeLeibler
(KL) divergence, which ensures that the learned
latent space conforms to a known distribution, typically
Gaussian. After training, the model’s latent space can be
sampled to generate novel compounds with specific
desired properties, such as optimal stability or catalytic
activity. This approach has been successfully applied to
generate polymer structures, design drug-like mole-
cules, and identify inorganic compounds [11,50,51,24].

Diffusion models are a type of generative model that
creates new data by simulating a diffusion process
[52,53]. The model gradually changes a simple initial
distribution, like Gaussian noise, into a complex data
distribution that matches the training data [54].
Diffusion models work in two phases: forward diffusion
and reverse diffusion. In the forward diffusion phase,
noise is slowly added to the data over a series of steps
until the original data are transformed into random
noise, diffusing the original information into noise. In

the reverse diffusion phase, the model learns a series of
transformations to retrieve the original data from the
noisy representation, reversing the diffusion process
step by step. Diffusion models estimate the gradient of
the data distribution with respect to noise, which allows
the model to generate new data points by iteratively
denoising random noise. This method is very effective at
creating high-quality data with complex structures,
making diffusion models well-suited for generating
novel materials, including the three-dimensional atomic
structures. This allows for the discovery of novel com-
pounds with specific physical or chemical properties.

The application of these deep generative models to
material discovery, however, also poses specific chal-
lenges. Perhaps the most serious challenge is related to
data quality and availability. Training deep generative
models, as all ML models, requires large amounts of
high-quality data, and in materials science, obtaining
such data can be challenging. Here, the effort to stan-
dardize how data should be reported is important [39].
Ensuring that the generated materials possess these
properties requires coupling generative models with

property prediction models, which can make the
training process more complex. Nonetheless, deep
generative models provide numerous opportunities for
materials generation. For instance, deep generative
models are extremely suited for high-throughput
Current Opinion in Electrochemistry 2025, 49:101629
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screening, as the models can propose materials with
specific properties. Thus, this approach holds the
promise of accelerating the process of materials discov-
ery [55].
Outlook
The ability of deep generative models to explore the
vast, uncharted design space of materials makes them
Figure 2

Schematic picture of the architecture of three types of deep generative models,
(VAEs), and diffusion models. Reprinted from Publication [34], Copyright (202
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particularly powerful for discovering new classes of ma-
terials [48,46,47]. For example, researchers have used
these models to explore the design space of novel
molecules [9,47], superconductors [56,23], catalysts for
chemical reactions [46,57], and advanced materials for
energy storage [23,58]. To illustrate the effectiveness of
deep generative models, Figure 3 presents the findings
from Court et al. (2020) [51], focusing on cubic binary

alloys, ternary perovskites, and Heusler compounds.
namely generative adversarial networks (GANs), variational autoencoders
3), with permission from Elsevier.
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Figure 3

The latent space organizes into clusters based on three distinct structural categories. This arrangement highlights clear groupings driven by both
chemical composition and formation energy characteristics. Reprinted from Publication [51] Copyright ⓒ 2020 American Chemical Society. This pub-
lication is licensed under CC-BY.
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The latent space shows clustering according to the three
structural types. This clustering of the materials helps
to find new materials with similar properties. Further-
more, thanks to the continuous latent space, the deep
generative model can suggest novel materials by
exploring points between known materials.

The true benefit of deep generative models lies in their
ability to suggest material compositions and structures
that are not easily imagined by human researchers. In
the field of electrode material discovery, this means that
deep generative models have the ability to design new
materials with optimal properties for specific electro-
chemical applications, such as battery materials, cata-
lysts for fuel cells, or electrolyzers. Despite these
capabilities, the application of deep generative models
in electrochemistry has been limited. One reason is the
training of ML models, including deep generative

models, requires large amounts of high-quality data,
something that is often scarce in electrochemical
research. As a result, the lack of data hampers the ability
to train generative models that could produce realistic
and useful predictions in the electrochemical domain.
However, the recent development of various databases
with standardized entries, e.g. NOMAD or Open
Quantum Materials Database, allows for faster access to
high-quality data that can be used to train the ML
models. Another challenge is the interpretability of deep
generative models. Unlike regression or tree-based al-

gorithms, which have clear relationships between input
www.sciencedirect.com
features and output predictions, deep generative
models operate through compact latent spaces, which
makes it more difficult to understand the reasoning
behind a newly generated material composition. Un-
fortunately, the lack of straightforward interpretation is
particularly critical when designing electrode materials,
where even minor modifications in material composition

can affect their performance.

Another challenge in using deep generative models for
computational material discovery is the requirement to
create and test the predicted materials in the real
world. Even if deep generative models predict mate-
rials with good theoretical performance, these materials
must be manufactured and tested to confirm their
practical functionality. Thus, it is clear that although
deep generative models have the ability to create new
chemical compositions by exploring complex design

spaces, rapid experimental testing is necessary for the
output from the deep generative models to be suffi-
ciently exploited. A promising solution to this issue is
the use of self-driving laboratories [31,60,59,35,37,44].
These labs employ deep generative models alongside
robots to automate the testing and synthesis of
materials, see Figure 4. By doing so, they can test ma-
terials as quickly as deep generative models generate
them, creating a feedback loop that accelerates the
discovery of new materials. This approach will help
bridge the gap between theoretical discoveries and

practical applications.
Current Opinion in Electrochemistry 2025, 49:101629
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Figure 4

The adaptive learning design loop uses existing data to train machine learning models, predict outcomes, and recommend new samples for testing. The
goal is to discover materials with desired properties while minimizing model uncertainty. Reprinted from Publication [59], Copyright (2023), with
permission from Elsevier.
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Conclusion
It is clear that the future of material discovery in elec-

trochemistry lies in the continued development and
integration of deep generative models with experi-
mental and computational methods. Here, the creation
of large, standardized datasets and the development of
more interpretable deep generative models will be
important. Furthermore, for deep generative models to
be effective in material discovery, their predictions must
be confirmed via experiment; hence, combining deep
generative models with self-driving laboratoriesdwhere
robots automate synthesis and testingdcan establish a
feedback loop, which would enable a faster material

discovery needed to find the sustainable energy solu-
tions necessary for humankind.
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