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Generative Deep Learning for Advanced Battery Materials
Deepalaxmi Rajagopal,* Adrian Cierpka, Britta Nestler, and Arnd Koeppe

The development of battery materials presents a complex multi-
scale challenge, where optimizing the properties of battery sys-
tems across various length scales is essential for achieving
targeted performance, enhanced safety, lower costs, and
resource availability. Traditional methods for solving this com-
plex, multiscale problem rely on time-intensive trial-and-error
approaches, which hinder progress. However, integrating
advanced machine learning (ML) frameworks significantly
changes the landscape of battery materials research by enabling
faster discovery, predictive modeling, and optimization of

material properties. Among the ML frameworks, generative deep
learning (DL) models stand out, as they capture the statistics of
real-world scenarios by learning an underlying condensed repre-
sentation of a higher-dimensional input space to generate infor-
mation-rich outputs. By merging computational techniques with
experimental research, generative DL provides a significant para-
digm shift in analyzing battery materials. This review aims to pro-
vide valuable insights into generative models, highlighting their
potential to accelerate the characterization, screening, and
design of battery materials.

1. Introduction

Batteries are composed of a complex material system that
includes two electrodes containing redox pairs, which are
separated by an electronically insulating medium known as
the electrolyte. The materials used in battery components must
be carefully selected to meet requirements for energy density,
safety, cost, and sustainability. Current battery research focuses
on developing new battery chemistries to meet target function-
alities that surpass those of traditional lithium-ion batteries.[1]

Various factors need to be considered to understand the elec-
trochemical functionality of new battery chemistries, including
material synthesizability, manufacturing, cell assembly, and per-
formance analysis. Even at the material level, the possibility of
finding material compositions from naturally occurring elements
in the periodic table that meet the given target performance and
cell requirements is beyond human capability. Moreover, relying
solely on conventional trial-and-error experimental approaches is
insufficient for exhaustively exploring the vast compositional
space to discover optimal material stoichiometries.[2,3]

With the increase in computational power, multiscale
simulations are used in the development of new materials.

By maintaining specific material parameters as constants, research-
ers can more efficiently and cost-effectively investigate the struc-
tural, chemical, and functional characteristics of innovative
batterymaterials, thereby advancing the development of functional
materials. Simulation tools that incorporate the principles of phys-
ics, chemistry, and mathematics are vital for a comprehensive
understanding of material behavior on various scales.[4] Quantum
mechanics[5] is critical in elucidating the electronic structure of
materials, whereas molecular dynamics[6,7] effectively models the
interactions and movements of atoms and molecules. Continuum
modeling[8] focuses on predicting properties and behaviors ranging
frommicroscopic to macroscopic scales. Together, these theoretical
frameworks provide a thorough understanding of material dynam-
ics, greatly enhancing the ability to analyze and predict their
behavior. Using computational tools to simulate the behavior
of new materials on different scales results in a large amount of
information-rich data, which in turn fuels the development of
material databases such as the Materials Project (MP) database,[9]

AFLOW,[10] Cambridge Structural Database,[11] and Inorganic Crystal
Structure Database.[12] The different material chemistries can be
studied using machine learning (ML) methods to determine the
influence of material structure on properties that describe the nec-
essary material functionality and to explain how different material
properties can be used to define the material performance in the
functional space.

ML is a subset of the broader field of artificial intelligence that
utilizes a data-driven modeling approach to make predictions
about the response variable based on observations of the system
being studied.[13,14] In the context of ML, data-driven models are
categorized into discriminative and generative models based on
how the model learns to sample the space of presented data.
Discriminative models focus on directly mapping the input to
the output and understanding the decision boundary between
classes. In contrast, generative models learn the underlying
probability distribution of the data itself, which allows them to gen-
erate new, realistic samples and produce information-rich
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outputs.[15,16] The application modes of generative learning vary
depending on how it models the probability distribution of the
data, the type of model architecture used, and the training
objectives.[17–20] In contrast to previous complementary studies[21–23]

that primarily focused on the application of generative models in
battery research and development, this article aims to provide a
deeper understanding of the underlying theory of general ML
and generative learning, along with updated application examples
in a rapidly developing field. The review investigates how different
training objectives can be employed to model generative learning
for battery material analysis. Furthermore, the review aims to assist
battery researchers outside of the ML domain in utilizing these
data-driven tools to expedite their research timelines, particularly
in terms of characterization, screening, and material design.

2. Foundation of Generative Learning

2.1. Generative Modeling

The capacity to imagine and create ideas that extend
beyond immediate reality is fundamental to human thinking.

By envisioning different scenarios, we can gain insights into
how actions influence what lies ahead without needing to expe-
rience every possibility firsthand. In ML, the endeavor to equip
machines with the ability to imagine and generate new ideas
is called generative modeling. A generative model aims to cap-
ture the process by which the data are generated, and it can pro-
duce new instances of data similar to those in the training set.
Formally, a generative model learns a probability distribution
over its data. The key idea is to utilize this learned distribution
to sample or generate new data and incorporate information.[24]

In contrast, discriminative modeling estimates the likelihood
that an observation falls within a specific category (Figure 1).
Whereas generative modeling does not concentrate on evaluat-
ing observations, the approach estimates the probability of
encountering observation x. A key concept in generative model-
ing is the sample space, which refers to the complete set of all
values an observation x can take. To describe the likelihood of
different outcomes in this space, the probability density function,
denoted as pθ xð Þ, assigns probabilities to continuous variables
based on model parameters θ. Since there are infinitely many
density functions that can be used to estimate the real distribu-
tion of the data, parametric modeling structures the approach in
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finding a suitable p xð Þ. Assuming a simple, learnable distribution,
such as the Gaussian, the parameters that best describe the
observed data can be learned. The likelihood measures how
well a given set of parameters explains the observed data,
expressed as pθ xð Þ, which represents the probability of data x
under the model parameters θ. The likelihood function can be
expressed as,

L θ ∣ xð Þ ¼ pθ xð Þ (1)

The likelihood of θ given an observed point x is defined as the
value of the density function, which is parameterized by θ, at the
point x. For an entire dataset X consisting of independent obser-
vations, the likelihood function is formulated as,

L θ ∣ Xð Þ ¼
Y
x∈X

pθ xð Þ (2)

In likelihood calculations of complex datasets, multiplying
numerous small probabilities can lead to numerical underflow,
where the values become so small that they are eventually
treated as zero in computations. To mitigate this issue, taking
the logarithm of the likelihood is a helpful strategy, as it trans-
forms the products of probabilities into sums, which are easier
to handle numerically. The log likelihood is given as

l θ ∣ Xð Þ ¼
X
x∈X

log pθ xð Þ (3)

To optimize these parameters, the maximum likelihood esti-

mate is used to find the values of θ̂, the set of parameters θ of a
density function pθ xð Þ that maximizes the likelihood function,
ensuring the model best explains the observed data.

Mathematically, the maximum likelihood estimate θ̂ is given as

θ̂ ¼ arg max
θ

l θð jXÞ (4)

Using maximum likelihood estimation in generative modeling
necessitates analyzing feature interactions, which can become
exceedingly complex and may grow exponentially with the
increasing number of features. As a result, this approach tends
to assign a constant probability to points not observed in the
original dataset. In contrast, the Naive Bayes-based parametric

model assumes that the features are conditionally independent,
which means it requires fewer parameters to estimate. This makes
Naive Bayes much more efficient and scalable. However, this sim-
plification also means that Naive Bayes struggles to capture the
intricate relationships between features. For example, the Naive
Bayes approach fails to capture the correlation between pixels in
images, and sampling each pixel of the image independently
results in a large sample space for high-dimensional features.
To solve this challenge, deep learning (DL) uses generative
modeling.[17,25] DL can uncover complex, nonlinear relationships
between features by processing information through multiple-
layer abstractions without making prior assumptions.

2.2. Generative DL

DL is a branch of ML that uses neural networks with multiple layers
to enhance the way machines learn from data. The neural net-
works consist of layers of interconnected nodes that learn
specific features of the input data. DL can transform information
from a basic level to more complex, abstract representations using
these layered structures. This process allows the model to identify
and understand patterns within raw data, making it particularly
effective. Each neural network layer is defined by its own set of
weights and biases. The process of identifying the optimal weights
that lead to the most accurate predictions is known as training.
Throughout this training process, the network’s predictions are
compared to the ground truth using a loss function selected
according to the prediction type. The calculated loss is then back-
propagated through the network to adjust the weights incremen-
tally in a direction that improves prediction accuracy. Different
neural network architectures are developed to handle different
types of input data. Convolutional Neural Networks are used for
image-based data due to their ability to capture local spatial pat-
terns, whereas Recurrent Neural Networks are used to handle
sequential data where temporal dependencies matter.[26,27]

Integrating generative modeling techniques with DL enables
the extraction of higher-level features through representation
learning using a deep neural network, and learning the underly-
ing distribution p xð Þ in the case of unlabeled data or p x, yð Þ in the
case of labeled input data, using generative modeling. With the
generative approach, the model not only learns to make

Figure 1. Visual representation of the discriminative and generative modeling approach: the discriminative modeling focuses on finding the decision
boundary that separates the different kinds of data instances by directly estimating the pðy ∣ xÞ, whereas the generative models capture the probability
distribution of data instances by estimating pðx ∣ yÞ to infer pðy ∣ xÞ in the case of a classification task.
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decisions but also quantifies these decisions in terms of the learn-
ing environment using probability theory. Generative models uti-
lize Bayes’ theorem to infer p y ∣ xð Þ from p x, yð Þ, which is then
employed for the generation of information-rich data. Unlike dis-
criminative models, which directly estimate p y ∣ xð Þ, generative
models learn the prior probability p yð Þ, representing the proba-
bility of a conditional variable before observing any data.
The generative models also facilitate the estimation of the likeli-
hood p x ∣ yð Þ, which describes how the observed data x is gen-
erated given a class or latent variable y. To perform inference in
generative tasks, the posterior probability p y ∣ xð Þ is required. The
posterior probability reflects updated belief about y after observ-
ing x. Although the posterior probability cannot be computed
directly, it can be calculated using Bayes’ theorem.

p y ∣ xð Þ ¼ p x,yð Þ
p xð Þ ¼ p x ∣ yð Þ p yð Þ

p xð Þ (5)

where p xð Þ is the evidence that represents the marginal prob-
ability of observing x for all the possible values of y. The evidence
p xð Þ is often intractable in high-dimensional space because it
requires integrating all the possible values of y, making it impos-
sible when y has an infinite or large discrete space. To solve this,
most generative models employ approximation techniques, such
as variational inference (VI) or Markov chain Monte Carlo estima-
tors, to effectively estimate the posterior distribution without
computing the exact evidence. Understanding the data distribu-
tion p xð Þ from a generative perspective unlocks a broad range of
applications, including sampling and generation of new battery
material properties with target performance. Generative models
facilitate data compression by utilizing learned distributions to
extract important latent features that support various tasks,
including clustering and feature extraction. Additionally, genera-
tive models provide valuable assistance in data augmentation by
creating synthetic samples, which can enhance model generali-
zation, especially when data are scarce.

In the context of battery material analysis, generative models
are used to simulate and optimize material properties, predict
electrode degradation patterns, reconstruct high-resolution
microscopy images from low-quality scans, accelerate the

discovery of new energy storage materials, and improve battery
lifespan prediction. Next, this article will explore the fundamental
principles underlying several prominent generative models used
in battery research. Specifically, the review will focus on varia-
tional autoencoders (VAEs), generative adversarial networks
(GANs), diffusion models (DMs), and autoregressive (AR) models.

2.3. VAEs

A VAE is a DL architecture designed to generate new data that is
similar to the training dataset. To understand VAEs, it is essential
to first understand autoencoders. Autoencoder learns efficient
data representations by compressing and reconstructing input
data. The fundamental architecture of an autoencoder comprises
two primary components: the encoder and the decoder. The role
of the encoder is to compress the input data into a low-dimensional
embedding, which serves as a latent representation of the origi-
nal input. In contrast, the decoder reconstructs the original input
data from the learned lower-dimensional representation of the
data. The training objective of autoencoders is to minimize the
difference between the input data and its reconstructed output.
Autoencoders produce distinct encodings for each type of image
in the latent space, simplifying the decoding process. This char-
acteristic makes them practical for image compression and
regeneration. However, their limitations become evident when
creating a generative model. In such cases, the goal is not merely
to replicate the input data but to randomly sample from the
latent space or generate variations of an input image within a
continuous latent space.[28–31] If the latent space exhibits disconti-
nuities, creating different variations of the input data, the decoder
may yield unrealistic outputs. This issue arises because the decoder
lacks information about those areas within the latent space. In
VAEs, the encoder maps the input data to a lower-dimensional
latent space, but rather than producing a single point, it generates
a probabilistic distribution from which a new data point can be
sampled. This probabilistic approach enables VAEs to learn a more
structured and continuous representation in the latent space,
which is beneficial for generative modeling and data synthesis.
As illustrated in Figure 2, an autoencoder compresses and

Figure 2. A schematic illustration of an autoencoder and a VAE. The autoencoder transforms input data into a compressed latent vector, which is then
reconstructed back into the original data. In contrast, the VAE encodes the input into the parameters of a statistical distribution, resulting in a continuous
latent representation where μz denotes the mean and Σz indicates the variance of the learned distribution.

Batteries & Supercaps 2025, 00, e202500494 (4 of 15) © 2025 The Author(s). Batteries & Supercaps published by Wiley-VCH GmbH

Batteries & Supercaps
Review
doi.org/10.1002/batt.202500494

 25666223, 0, D
ow

nloaded from
 https://chem

istry-europe.onlinelibrary.w
iley.com

/doi/10.1002/batt.202500494 by K
arlsruher Institut Für T

echnologie, W
iley O

nline L
ibrary on [17/11/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

http://doi.org/10.1002/batt.202500494


reconstructs data through a latent vector, while a VAE encodes
data into a continuous latent distribution defined by its mean
and variance. Following the intuition of autoencoders, suppose
that some latent variable z generates an observation x. To gener-
ate the output x, the parameters of z are inferred. In other words,
p z ∣ xð Þ is computed using Bayesian rule,

p z ∣ xð Þ ¼ p x ∣ zð Þ p zð Þ
p xð Þ (6)

For a continuous distribution, the integral is taken over all
sample partitions, as given below.

p xð Þ ¼
Z

p x ∣ zð Þ p zð Þ dz (7)

As mentioned in the Section 2.2, the integral in (Equation 7) is
hard to evaluate with respect to its parameters. Especially for
large data sets, the (Equation 7) requires exponential time to
calculate the integrals, as it must be evaluated over all configu-
rations of latent variables and is intractable. To solve this problem,
approximation techniques are required. The posterior can be
approximated p z ∣ xð Þ using a family of tractable distributions
q z ∣ xð Þ, known as an inference model. The parameters of
q z ∣ xð Þ are chosen to be similar to p z ∣ xð Þ, enabling us to per-
form approximate inference for the intractable distribution. A dis-
tribution is tractable if any derived marginal probability can be
calculated in linear time. The primary goal of the VAEs is to infer
p zð Þ using p z ∣ xð Þ, thereby aligning the latent variable with the
observed data to generate valid outputs. To infer the unknown
p z ∣ xð Þ, a method called VI is used, which is a key technique in
Bayesian inference. VI approaches inference as an optimization
problem, approximating the true distribution p z ∣ xð Þ with a sim-
pler Gaussian distribution and minimizing the divergence

between the two distributions using the Kullback–Leibler (KL)
divergence metric. The KL divergence is a non-negative and
asymmetric measure, and it is given by

DKL q xð Þ ∣∣ p xð Þð Þ ¼
X
z

q z ∣ xð Þ log q z ∣ xð Þ
p z ∣ xð Þ

� �
(8)

After all the mathematical derivations,[32] the variational
objective function or the loss function of VAE can be written as

L ¼ E log p x ∣ zð Þ½ � � DKL q z ∣ xð Þ ∣∣ p zð Þ½ � (9)

The term E log p x ∣ zð Þ½ � represents the reconstruction likeli-
hood, and DKL q z ∣ xð Þ ∣∣ p zð Þ½ � ensures that the learned distribution
q is similar to the true prior distribution p. The term q z ∣ xð Þ refers
to the encoder of the VAE, also known as the inference model. The
encoder is used to compute the latent parameters based on the
input data. In contrast, p x ∣ zð Þ represents the decoder, or genera-
tor, which maps the learned latent parameters back to the original
input space to generate new data samples.[33,34]

2.4. GAN

GANs constitute a notable advancement in the field of DL, par-
ticularly in the realm of generating high-quality and diverse data-
sets. As shown in Figure 3, a GAN comprises two integral
components: a generator network, which is tasked with produc-
ing plausible data, and a discriminator network, which evaluates
and distinguishes between original data and the synthetic out-
puts generated by the generator.[35] The discriminator imposes
penalties on the generator for generating implausible results.
At the beginning of GAN training, the generator produces fake
data, and the discriminator can quickly learn to distinguish
between real and fake data. As the training progresses, the

Figure 3. A schematic representation of a GAN. The generator network synthesizes realistic data from random noise vectors, while the discriminator distin-
guishes between authentic samples from the training dataset and synthetic samples produced by the generator. Both networks are trained in an adversar-
ial manner, enhancing each other’s performance over time.
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generator learns to produce outputs that are increasingly closer
to real data, while attempting to deceive the discriminator. At the
end of the training, if the generator’s training is successful, the
discriminator becomes less effective at distinguishing between
real and fake data. Both the generator and the discriminator
are neural networks. Consider a dataset in d dimensions consist-

ing of n data points, represented as fxi ∈ Rdgn
i¼1, which are

derived from a probability distribution p xð Þ. The objective is to
generate new data points that closely resemble those in the orig-
inal dataset. A common approach involves minimizing the dis-
tance between points to enhance their similarity. Since the
generated points must belong to the same distribution as those
in the original dataset, regardless of their distances, the distance
between two points is not a suitable metric for this problem.
Thus, the most effective measure of similarity in this case is
the comparison of probability distributions to identify a probabil-
ity distribution, denoted as q xð Þ, that closely approximates p xð Þ.
This task is more complex than it initially appears because p xð Þ
remains unknown. To estimate p xð Þ, the GAN begins with a ran-
dom noise, z � pz zð Þ, defined over Rm. A common approach for
modeling this noise is to assume it follows a Gaussian distribu-
tion. The goal is to discover an optimal mapping G:Rm ! Rn , such
that if a random variable z ∈ Rm is sampled from the probability
distribution pz zð Þ, then G zð Þ has a distribution pg which needs

to be a good approximation of original distribution pdata xð Þ.
To facilitate the realistic generative process, a discriminator func-
tion D xð Þ is employed to categorize the outputs of G zð Þ as either
real or synthetic. In essence, D xð Þ differentiates between the
actual data p xð Þ and the generated data G zð Þ, prompting the gen-
erator to modify its parameters accordingly. The interaction
between generator and discriminator can be mathematically for-
malized using a min–max function as follows:

min
G

max
D

V D,Gð Þ: ¼ Ex�pdata xð Þ log D xð Þð Þ½ �
þEz�pz zð Þ log 1� D G zð Þð Þð Þ½ � (10)

Here, the function VðD,GÞ consists of two terms that need to
be optimized. Ex�pdata xð Þ½log ðD xð ÞÞ� represents the average log

probability produced by discriminator when input is real and
Ez�pz zð Þ log 1� D G zð Þð Þð Þ½ � represents the average log probability

produced by the discriminator when the input is generated.[36]

During the training of the discriminator, it is necessary to freeze
the weights of the generator network, allowing errors to be back-
propagated solely to update the discriminator. Conversely, during
the generator training, the weights of the discriminator network
are frozen, allowing errors to be backpropagated and improving
the generator’s performance. The alternate training process of
GAN enables the continuous improvement of both the generator
and discriminator models throughout each training step. Training
should conclude upon reaching the Nash Equilibrium, character-
ized by D xð Þ ¼ 0.5 for all x. This condition is attained when the
generated points are so realistic that they become nearly indis-
tinguishable from real data.[37–39]

2.5. DMs

DMs are inspired by nonequilibrium thermodynamics.[40] For
example, consider adding a drop of red dye to a beaker of water.
According to the law of physics, the particle diffuses throughout
the water continuum until the system reaches equilibrium. DMs
are defined as a class of deep generative models that learn to
reverse the process that gradually destroys the structure of
the given data distribution. As depicted in the Figure 4, the train-
ing of DMs consists of two phases: the forward and reverse dif-
fusion processes. The forward diffusion process introduces noise

Figure 4. A visualization of a DM architecture showing the forward and reverse processes. In the forward process, Gaussian noise is added progressively to
a clean data sample over a series of timesteps, transforming it into pure noise according to a fixed noise schedule. The reverse process involves a neural
network, such as a U-Net, trained to predict and remove the added noise at each timestep. By iteratively denoising from random noise, the model learns
to generate realistic data samples that closely resemble the original data distribution.

Batteries & Supercaps 2025, 00, e202500494 (6 of 15) © 2025 The Author(s). Batteries & Supercaps published by Wiley-VCH GmbH

Batteries & Supercaps
Review
doi.org/10.1002/batt.202500494

 25666223, 0, D
ow

nloaded from
 https://chem

istry-europe.onlinelibrary.w
iley.com

/doi/10.1002/batt.202500494 by K
arlsruher Institut Für T

echnologie, W
iley O

nline L
ibrary on [17/11/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

http://doi.org/10.1002/batt.202500494


to the training data over a series of time steps, with the noise
scale varying linearly with time. This is achieved by using linear
noise scheduling at each step, until the training data is corrupted,
resulting in pure Gaussian noise. In the forward diffusion process,
noise is introduced using a Markov chain, indicating that the cur-
rent state of the training data relies solely on its most recent state.
Let q x0ð Þ be the probability density of the training data, where
the index 0 denotes the data before adding any noise.
Given an uncorrupted training sample x0 � q x0ð Þ, the noised ver-
sions x1, x2, : : : , xT are generated through the following
Markovian process

q xt ∣ xt�1ð Þ ¼ N xt ; μ ¼ ffiffiffiffiffiffiffiffiffiffiffiffiffi
1� βt

p
xt�1, Σ ¼ βtIð Þ

∀t ∈ 1, : : : , Tf g: (11)

Here, T is the number of diffusion steps, β1, : : : , βT are the
hyperparameters controlling the noise variance, and I is the iden-
tity matrix with dimension equal to the input data dimension.
This setup enables the sampling of xt when t is drawn from a
uniform distribution t � U f1, : : : , Tgð Þ:

q xt ∣ x0ð Þ ¼ N xt ; μ ¼
ffiffiffiffi
β̂t

q
x0, Σ ¼ 1� β̂t

� �
I

� �
(12)

where β̂t ¼
Q

t
i¼1 1� βi . This shows that, given the original

data x0 and variance schedule βt , the noisy sample xt can be
derived in a single step. The reparameterization trick allows sam-
pling from q xt ∣ x0ð Þ as follows

xt ¼
ffiffiffiffi
β̂t

q
⋅ x0 þ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1� β̂t

� �r
⋅ zt (13)

where zt is a standard normal variable, enabling the faster
sampling of the noisy version from the original sample. In the
reverse diffusion process, the goal is to remove the noise added
to the training dataset in a structured and controlled manner,
thereby reconstructing the original data x0. For example, if for-
ward diffusion process can be reversed and sample from
q xt�1 ∣ xtð Þ, will be able to recreate the original sample before
adding noise from Gaussian noise input, xT � N 0, Ið Þ.
However, estimating q xt�1 ∣ xtð Þ is difficult because it requires
the use of the entire dataset. To achieve the reverse diffusion pro-
cess, a neural network model pθ is trained to approximate these
conditional probabilities. The model learns to reverse this diffu-
sion process during training, generating new data. Starting with
pure Gaussian noise p xTð Þ :¼ N xT ; 0, Ið Þ, the model learns the
reverse trajectory or joint distribution pθ x0:Tð Þ as

pθ x0:Tð Þ ¼ p xTð Þ
YT
t¼1

pθ xt�1 ∣ xtð Þ,
with; pθ xt�1 ∣ xtð Þ ¼ N xt�1; μθ xt , tð Þ,Σθ xt , tð Þð Þ

(14)

where pθ x0:Tð Þ denotes the reverse diffusion trajectory. The
reverse diffusion kernel pθ xt�1 ∣ xtð Þ is defined by the mean
μθ xt , tð Þ and the covariance matrix Σθ xt , tð Þ. Using the Markov
chain, x0 is generated by first sampling a noise vector
xT � p xTð Þ, then iteratively sampling from the learnable reverse

diffusion kernel xt�1 � pθ xt�1 ∣ xtð Þ until t ¼ 1. The sampling pro-
cess is improved by training the reverse Markov chain to match
the forward Markov chain. In other words, the parameter θ has to
be adjusted so that the joint distribution of the Markov chain
closely approximates that of the forward process. Looking back
at the explanation of the VAE in Section 2.3, the combination of q
and p is similar to the formulations used in the VAE.[41] After the
necessary parameterization of the reverse diffusion process fol-
lowing Ho et al.,[42] the objective formulation to train the
diffusion model

Lsimple :¼ Et,x0, z kz� zθð
ffiffiffi
α

p
x0 þ

ffiffiffiffiffiffiffiffiffiffiffiffiffi
1� αt

p
z, tk2��

(15)

where E refers to the expected value and zθ represents the
neural network trained to predict the noise in given input xt . The
αt is calculated from αt ¼ 1� βt and α ¼ Q

t
s¼0 αs. The reparame-

terization of reverse diffusion, pθ xt�1 ∣ xtð Þ, simplifies the process
by fixing the covariance at a constant value. The mean is then
defined through variance scheduling, which denotes that it only
depends on xt . Consequently, the neural network is trained to
predict the noise added at each specific time step, rather than
estimating both the mean and covariance.[42–44] The main draw-
backs of DMs include low inference speed and high training cost.
These drawbacks can be mitigated by using the latent diffusion
model (LDM), which involves diffusion in the latent space.
Here, an autoencoder is used to encode the data space into a
lower-dimensional latent space. The diffusion process is then
implemented in the latent space, which makes the model more
computationally efficient while capturing the high-frequency and
imperceptible features of the training data. The LDM improves
inference speed without compromising the quality of the
prediction.[45]

2.6. AR Models

AR models are among the most powerful generative models, rep-
resenting current state-of-the-art architectures in likelihood-
based image modeling, and serve as the basis for large language
generation models, such as Generative Pretrained Transformer
(GPT). AR models factorize the joint distribution over high-
dimensional data by decomposing it into a product of
conditionals.[46–49] Consider a dataset D of n-dimensional binary
datapoints x ∈ f0, 1gn. The joint distribution can be factorized
using the chain rule of probability as,

p xð Þ ¼
Yn
i¼1

p xi ∣ x1, x2, : : : , xi�1ð Þ ¼
Yn
i¼1

p xi ∣ x<ið Þ (16)

where x<i ¼ ½x1, x2, : : : , xi�1� denotes variable preceding xi in
a fixed ordering. Autoregression is a statistical method used in
time-series analysis that assumes that the current values of a time
series are a function of its past values. Similarly, an AR model
determines the probabilistic correlation between elements in a
sequence and uses this knowledge to predict the next element
in an unknown sequence, as illustrated in the Figure 5. The order
of an AR model is the number of preceding values in the series
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used to predict the current value. If xt is regressed only on xt�1, it
is a first-order autoregression, which is written as AR(1).
Mathematically, an AR model of order p, denoted as AR(p),
can be expressed as:

xt ¼ c þ ϕ1xt�1 þ ϕ2xt�2 þ : : : þ ϕpxt�p þ ∈t (17)

where xt is the value of the variable at time t, c is an intercept
term that allows the time series to have a nonzero mean, ϕi are
the AR coefficients, ∈t is a white noise error term assumed to have
zero mean and constant variance, and ϕ is the lag order. The AR
model assumes stationarity, meaning the statistical properties
such as mean and variance of the time series do not change over
time. Changing the parameters ϕi , : : : ,ϕp results in different time

series patterns. The variance of the error term ∈t will only be the
scale of the series, not the patterns. While the chain rule of prob-
ability allows for exact representation of any distribution, the tab-
ular specification of each conditional p xi ∣ x<ið Þ is
computationally intractable because for a n dimensional dataset,
the conditional probability for the last dimension p xn ∣ x<nð Þ
require estimation of probability for 2n�1 configurations of the
variables x1, x2, : : : , xn�1 and require 2n�1 � 1 parameters. The
exponential growth in the number of parameters makes tabular
representation of the conditionals impractical for learning and
inference. The AR model overcomes the problem of intractability
by parameterizing the conditionals with neural networks. For
example, consider the case of a neural network with one hidden
layer. The mean function for variable i can be expressed as,

hi ¼ σ Aix<i þ cið Þ,
f i x1, x2, : : : , xi�1ð Þ ¼ σ α ið Þhi þ bi

� 	 (18)

where hi ∈ Rd denotes the hidden layer activation for the
neural network and σð⋅Þ is the sigmoid function to restrict the

output between 0 and 1. αðiÞ
j ∈ R represent weights of the net-

work and d is the hidden layer size. Integrating the neural

network with the AR model reduces the complexity to Oðn2dÞ.
The AR model is trained using maximum likelihood estimation,
which maximizes the log-likelihood of the data under the model.
Training a generative model involves optimizing the closeness
between the model distribution pθ and the data distribution
pdata, typically measured using KL divergence:

min
θ∈M

KL pdatað kpθÞ ¼ Ex�pdata
log pdata xð Þ � log pθ xð Þ½ � (19)

Since pdata is fixed, minimizing the KL divergence is equal to
maximizing the log-likelihood maxθ∈MEx�pdata

log pθðxÞ½ � of the

data. The log pθðxÞ refers to the log-likelihood of the datapoint
x with respect to model distribution pθ . In practice, this expecta-
tion is approximated using a dataset D samples from pdata, yield-
ing the maximum likelihood estimation objective as

L θð jDÞ ¼ max
θ∈M

1
jDj

X
x∈D

log pθ xð Þ (20)

In the context of generative modeling, the parameterization
of the conditional distributions in AR generative models can be
implemented through different architectures, each designed to
enhance the model capacity, receptive field, and memory. One
of the simplest forms is the fully visible sigmoid belief network
without a hidden layer, which uses functions as a linear combi-
nation of inputs followed by a sigmoid function to constrain the
outputs between 0 and 1. The number of parameters of the
FVSBN model is Oðn2Þ. For computationally efficient parameteri-
zation of the AR generative model, the neural AR density estima-
tor (NADE)[50] introduces a hidden layer followed by a sigmoid
function where parameters are shared across the functions
for evaluating the conditionals, which reduces the order of

parameters from Oðn2dÞ to OðndÞ. The masked autoencoder for
distribution estimation builds upon NADE by incorporating mask-
ing strategies in the standard autoencoder to preserve the
AR property, ensuring each output dimension is conditioned
only on previous outputs in a fixed ordering.[51] AR image model-
ing progressed with the development of PixelRNN[52] and
PixelCNN[53] by modeling spatial dependencies at the pixel level.
PixelRNN captures long-range dependencies using recurrent
Long Short-Term Memory (LSTM) layers, but trains slowly due
to its sequential nature. PixelCNN replaces recurrence with
masked convolutions that condition each pixel on previously
generated ones, allowing fully parallel training while preserving
the spatial structure of the image. The pixel-level autoregression
is limited by high computational costs, particularly for high-
resolution generation. Transformer-based AR models address this
by using self-attention, which can consider all parts of an input at
once.[54] GPT follows this approach, predicting each next element
in a sequence based on everything that has been seen before.
Trained on enormous amounts of unlabeled text and images
through a process called generative pretraining to identify pat-
terns that can be applied to new inputs.[55] The self-attention
mechanism of the transformer architecture enables the model
to process all portions of the input sequence in parallel.

Figure 5. Workflow of an AR model, illustrating the sequential prediction
process where each subsequent output substructure is generated from pre-
viously produced substructures and the model’s learned parameters.
Predictions are iteratively fed back as inputs until a complete sequence is
generated.

Batteries & Supercaps 2025, 00, e202500494 (8 of 15) © 2025 The Author(s). Batteries & Supercaps published by Wiley-VCH GmbH

Batteries & Supercaps
Review
doi.org/10.1002/batt.202500494

 25666223, 0, D
ow

nloaded from
 https://chem

istry-europe.onlinelibrary.w
iley.com

/doi/10.1002/batt.202500494 by K
arlsruher Institut Für T

echnologie, W
iley O

nline L
ibrary on [17/11/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

http://doi.org/10.1002/batt.202500494


3. Multimodal Data in Battery Research

Multimodal data is a collection of data that consists of informa-
tion captured in various formats combined to draw insights about
a specific domain.[56] For example, in battery research, compre-
hending the performance of electrodes necessitates the applica-
tion of multiple characterization techniques. These techniques
include scanning electron microscopy, transmission electron
microscopy, X-ray computed tomography, atomic force micros-
copy, time-of-flight secondary mass spectroscopy, and electron
backscatter diffraction.[57,58] Together, these methods help reveal
the morphological, atomistic, mechanical, crystallographic, and
chemical properties that influence the electrochemical perfor-
mance of the electrodes. Multimodal data in battery research
plays an important role in understanding the underlying, com-
plex, and multiscale information of battery systems.

Improving battery performance requires a thorough under-
standing of how the various components of a battery interact
and the properties of the materials used in it. To achieve optimal
performance from a battery, how these properties affect it at vari-
ous scales and over time has to be understood. The multiscale
simulation and experiments yield heterogeneous data, which
can be analyzed to determine how factors such as material com-
position, electrode microstructure, and solid electrolyte inter-
phase (SEI) effects impact battery performance.[16] Even though
these characterization techniques provide the required informa-
tion, the destructive nature of some of these techniques limits the
acquisition of multimodal data from the same sample.

Several stochastic-based methods address these challenges
by creating representative structures of battery material with
information, for example, from two different characterization
techniques.[59,60] However, the effectiveness of these stochastic
techniques is only extensible to a single type of material and can-
not be generalized to a wide range of materials.[61]

With the advent of ML-based techniques, a wider range of
applications is now possible, allowing for the development of
material-agnostic systems that require less expert fine-tuning.
The quality and quantity of data play important roles in the per-
formance and application of the aforementioned generative
learning methods. High-quality datasets are essential for training
robust models that accurately predict material properties and
battery performance. Although the amount of data required
for a ML study varies depending on the specific algorithm, data
preparation methods, and the quality of the relevant information,
generally, more data availability typically leads to improved ML

models.[62,63] The advantages and drawbacks of different genera-
tive models are summarized in Table 1 to address the applicabil-
ity of these models in the different contexts of battery research.

Thus, the multiscale nature of battery research necessitates
the development of a unified dataset to comprehend the com-
prehensive spatial description of all influencing material proper-
ties, where each property is acquired at different length scales
of battery material characterization. To achieve this, deep
generative models can be utilized to make the process purely
data-driven, capturing the interrelationships between different
modalities. This data-driven methodology helps to uncover char-
acteristics of data that can explain the behaviors of a battery sys-
tem from manufacturing to the end of life.[64]

4. Generative Learning for Advanced Battery
Material Analysis

The design and discovery rate of advanced structural and func-
tional materials significantly influence the pace of technological
innovation and addresses challenges in sustainable energy
storage and conversion. The screening of novel battery materials
based on traditional experimental methods is often time-
consuming and resource-intensive. Recent advancements in
high-throughput screening methods,[65] open material data-
bases,[10,66,67] ML-based property predictors,[68] and ML force
fields[69] have enabled the screening of hundreds of thousands
of materials, representing only a tiny fraction of the possible sta-
ble materials. Generative models offer a complementary inverse
design strategy, enabling the creation of materials with desired
properties. The inverse design strategy of generative models
maps the relationships between structure and properties
by encoding the high-dimensional material space into an
information-rich continuous latent space. The information-rich
latent space enables the generation of new materials based
on the embedded information from the encoding process. The
primary advantage of generative models is their ability to design
or discover new materials with desired properties, filling gaps
between existing materials by learning their distribution in a
continuous space.[70,71]

In the context of battery materials, the crystal structures,
molecular interphase design, and microstructure morphologies
of the material dictate the electrochemical performance
of the cell throughout its cycle life. Understanding the

Table 1. Comparison of advantages and drawbacks of generative DL models.

Model Advantages Drawbacks

VAEs Stable training; structured latent space suitable for interpolation
and data exploration; effective in anomaly detection and representation learning.

Blurry reconstructions and difficulty capturing
fine-grained details in complex data.

GANs High-resolution, realistic samples; fast inference once trained. Training instability and prone to mode collapse.

DMs Stable training; high-quality and diverse samples; suitable for complex distributions. Computationally expensive inference due
to iterative sampling.

ARs Stable training; high-quality samples; versatile across different
data modalities and tasks.

Slow inference; requires large datasets
and computational resources.
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structure-function relationship is critical in defining the opera-
tional limitations and degradation pathways. The design and dis-
covery of the materials that constitute the components of
batteries can be studied in different forms of representations,
such as molecular, chemical, and structural space.

4.1. Design of Crystal Structures

The crystal structure of the electrode materials significantly influ-
ences battery performance by affecting ion diffusion pathways,
electronic conductivity, and electron stability during the charge
and discharge cycles. Generative models such as VAEs, GANs, and
DMs can create candidate structures that achieve a balance of
high ionic conductivity, structural stability, and electrochemical
potential. These generative models expedite the search for mate-
rials beyond those naturally occurring or known in current chem-
istry, opening new avenues for next-generation batteries.
Integrating first-principles calculations, such as density functional
theory (DFT), with generative models helps validate and effi-
ciently screen these AI-designed structures. Noh et al.[72] devel-
oped iMatGen (image-based material generator), which was
designed for the inverse design of inorganic solid-state materials
using a continuous, invertible representation of crystal structures.
The iMatGen framework is composed of two primary steps. In the
first step, a standard autoencoder is employed to compress
image representations of the unit cell and atomic basis into
image fingerprints. In the second step, a VAE maps these image
fingerprints into a latent space of material fingerprints. The VAE
decoder is then used to regenerate the image fingerprints from
this latent space. To encourage the generation of stable materials,
a stability classifier is incorporated, which categorizes structures
based on their formation energies. This classification is integrated
into the VAE loss function, allowing the model to prioritize both
known and metastable materials during the sampling process.
The iMatGen framework, based on VAE, provides physically
invertible image encoding, latent space optimization, and inte-
grated stability classification, offering a robust path for discover-
ing stable materials.

Nouira et al.[73] introduced the GAN model for crystal struc-
tures, a two-step GAN designed to synthesize novel ternary crys-
tallographic structures from binary compound inputs, particularly
targeting hydrogen storage materials. It takes POSCAR files rep-
resenting binary hydrides input, encodes them into tensors, and
generates pseudo-binary compositions in the first step. These are
then refined through a feature transfer process to separate com-
ponents from different domains. A second GAN step incorporates
geometric constraints based on atomic neighbor distances to
produce chemically valid ternary outputs. However, compared
to iMatGen, which employs a continuous and invertible latent
space enabling property-guided sampling and broader chemical
exploration, CrystalGAN lacks crystal invariance, and explicit sym-
metry awareness, relying instead on geometric constraints.

Zhao et al.[74] developed a GAN-based framework, CubicGAN,
to generate novel cubic crystal structures of ternary material
compounds widely used in solar cells and lithium batteries.

While training, the generator of the framework is conditioned
with space group representation for the crystal prototype and
element embeddings, along with random noise. The generator
of the CubicGAN framework generates material structures with
corresponding specific space groups and element constituents.
A total of 506 new ternary or quaternary material structure pro-
totypes were rediscovered, which are validated by a DFT-based
phonon dispersion stability check.

The crystal diffusion variational autoencoder (CDVAE) model
developed by Xie et al.[75] addresses material invariances by learn-
ing the distribution of stable materials to generate new periodic
structures. The model consists of an encoder that utilizes a graph
neural network to effectively learn the relationships between
atoms, allowing it to encode complex structural information. In
the decoding phase, a noise score network is employed with
Langevin dynamics to refine atomic positions and types itera-
tively, thereby guiding the generation process toward lower
energy states. This combination enables CDVAE to significantly
outperform iMatGen, CrystalGAN, and CubicGAN in tasks such
as reconstruction, generating diverse and realistic materials,
and generating materials that optimize to specific properties.

Another diffusion-based model for the inverse design of crys-
tal structures developed by Yang et al.[76] at Google DeepMind
uses UniMat, the unified representation of materials to represent
the crystal structure of the materials across the periodic table as
an input feature for the diffusion model, which allows the model
to generate materials with any number of atoms. UniMat employs
a unified representation of crystal structures by leveraging a four-
dimensional tensor. This tensor represents the positions of atoms
based on their locations in the periodic table, similar to an orga-
nized grid where each cell corresponds to a specific element. The
denoising diffusion model, during training, learns to move atoms
from random locations back to their original positions. Atoms not
present in the crystal are relocated to the null location during the
denoising process, resulting in crystals with an arbitrary number
of atoms. The denoising diffusion model implemented in this
work comprises interleaved attention and convolution layers
across periods and groups of the periodic table, which allows
the model to capture inter-atom relationships and thereby pre-
serve the inductive bias of the groups in the periodic table. By
utilizing a convolutional neural network rather than a graph neu-
ral network, the model effectively addresses scalability issues that
arise with large, complex materials. It has been shown to outper-
form graph neural network-based crystal diffusion VAE[75] in
terms of state-of-the-art DFT metrics.

MatterGen is a diffusion-based generative model introduced
by Microsoft AI4Science that employs a diffusion process specifi-
cally designed for crystalline materials. Unlike standard DMs that
add Gaussian noise to corrupt data to learn the underlying dis-
tribution, MatterGen independently corrupts the input features,
such as atom type, coordinates, and the lattice of the crystal struc-
ture, while also ensuring that physical constraints, including sym-
metry and periodicity, are maintained in the obtained noisy
distribution. MatterGen is trained in two stages: pretraining phase
and fine-tuning phase. In the pretraining phase, the base model,
based on an equivariant graph neural network, is trained on a
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large and diverse dataset of crystal structures known as Alexa MP
20, comprising 607,683 stable structures with up to 20 atoms.
After the initial training, the pretrained model is fine-tuned with
the adapter model using small labeled datasets. The fine-tuning
adapts the model to generate materials with desired properties.
Compared to earlier models, such as crystal DMs, CubicGAN, and
CrystalGAN, MatterGen generates materials much closer to the
local energy minimum, resulting in better stability, uniqueness,
and novelty in the generated structures.[77]

4.2. Design of Molecules and Interphases

Molecule and interphase design influence key processes such as
ion transport, interfacial stability, and redox reactions, all of which
are vital for battery efficiency, longevity, and safety. Focusing on
molecular level design allows for the creation of electrolytes, addi-
tives, and polymeric materials that perform effectively under spe-
cific voltage ranges, temperatures, and mechanical stresses while
maintaining chemical and electrochemical stability. Achieving bet-
ter electrolyte and interphase chemistry in batteries requires
exploring a vast chemical compound space, which is infeasible
without efficient navigation across this chemical space.[78]

Utilizing generative models in molecular design aims to model
the underlying probability distributions of structures and proper-
ties and relate them in a nonlinear manner. This generative learn-
ing approach facilitates understanding of average structural
features and complex patterns inmolecular data, which aids in pre-
dicting structures that possess the desired properties. These mod-
els transform molecules into a continuous space, often referred to
as the latent space, where adjustments can be made smoothly and
efficiently. In this space, the generation process becomes a con-
trolled optimization, allowing researchers to systematically adjust
molecular features, much like tuning ingredients in a recipe until
they find a candidate that meets the required functionality.
Generative models rely on data representations that capture the
inherent properties and structure of molecules. The ideal molecule
representations used as input for the inverse design of molecules
using generative models must capture all relevant chemical and
physical characteristics, encompassing spatial coordinates, bond-
ing patterns, and symmetry aspects, to permit accurate predictions
and enable reverse mapping from desired functionalities to actual
molecule structures.[21,79]

Molecular representations can be categorized into discrete,
graph-based, and continuous vector representations. Discrete rep-
resentations encodemolecules as sequences of symbols, simplifying
complex chemical structures into a format that is machine-readable
and comprehensible. One common example is SMILES (Simplified
Molecular Input Line Entry System), where atoms and bonds are rep-
resented by specific characters, resulting in a unique string for each
molecule that does not require explicit three-dimensional coordi-
nates. Continuous representations, like vectors and tensors, capture
molecular features in a multidimensional space. Weighted graphs
represent molecules, with nodes representing atoms and edges rep-
resenting bonds, enabling the incorporation of various features such
as bond type and charge.[71,80]

Khajeh et al.[81] introduced a computational generative frame-
work for discovering polymer electrolytes with high ionic conduc-
tivity. The framework comprises three core components: a
conditional generative model that proposes potential polymer
candidates, a computational evaluation module that assesses
their properties through molecular dynamics simulations, and
a feedback mechanism that iteratively refines the discovery pro-
cess. The framework utilizes a conditional generative model
based on minGPT (a minimal version of a GPT model) to create
polymer electrolyte candidates, guided by desired ionic conduc-
tivity properties, using SMILES codes for representation. The
model is trained to focus on high ionic conductivity by modifying
SMILES strings with class labels for conductivity, ensuring effec-
tive guidance during polymer generation. The preprocessing of
SMILES involves tokenizing the strings into sequences of tokens,
which are then transformed into representations that capture
both semantic meaning and positional context. Additionally,
the model filters out exact and nonexact duplicates due to sym-
metries to ensure a diverse training dataset. The framework
identified 14 distinct polymer repeating units that exhibited com-
puted ionic conductivity.

Yang et al.[82] introduced another inverse design framework of
polymer electrolytes based on a generative model. They com-
pared two generative models, the minGPT and the diffusion-
based model, in generating novel, diverse, and valid polymers
using SMILES-based molecule representation. The results demon-
strate that the minGPT model outperforms the diffusion-based
models in metric assessments based on novelty, uniqueness,
validity, synthesizability, similarity, diversity, property distribution
replication, and computational efficiency. Additionally, 17 out of
46 generated top polymer candidates show improved ionic con-
ductivity and structural diversity, addressing the challenges of
polymer design for energy applications.

Graph-based representations depict molecules as networks,
with atoms as nodes and bonds as edges, organizing molecular
information in a structured format. This aids in understanding the
relationships between chemical structures and properties, mak-
ing it useful for ML models.[80] Yoon et al.[83] proposed a DL frame-
work for designing new electrolyte additives for lithium-ion
batteries to reduce both time and cost in the discovery process
by conventional methods. The study utilizes a fine-tuned version
of the Natural Product Variational Autoencoder to generate novel
molecular structures while predicting their key electronic proper-
ties: the Highest Occupied Molecular Orbital (HOMO) and the
Lowest Unoccupied Molecular Orbital (LUMO). The study uses
graph-based molecular structures derived from SMILES strings,
which are processed into tree-structured formats with substruc-
ture nodes encoded using Extended Connectivity Fingerprints.
The HOMO and LUMO values are crucial for determining the oxi-
dative and reductive stability of electrolyte additives, which are
required for forming a stable SEI and enhancing battery
performance and longevity. The architecture employs a Tree
LSTM-based encoder, a multi-layer perceptron decoder, and a
regressor that are trained simultaneously to embed structural
and property information into the latent space. The model
achieved high reconstruction accuracy and generated
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1000 new candidate molecules from the latent space through
random sampling. The evaluation of generated molecules against
metrics such as validity, novelty, and synthetic accessibility
showed that these molecules were chemically valid, diverse,
and suitable for further synthesis.

Continuous vector-based representations capture essential
features of molecules, such as atom types, bonding patterns,
and spatial arrangements, using DL models like autoencoders.
The continuous representation enables smoother mathematical
operations, where small changes in the vector correspond to
small alterations in the actual molecule. By embedding molecules
in a continuous vector space, ML techniques can efficiently navi-
gate and optimize chemical space. These representations facili-
tate similarity searches, identifying candidate molecules with
properties similar to those of known compounds. In de novo
molecular design, continuous vectors can be optimized for spe-
cific property objectives and decoded back into valid molecular
structures via generative models. This supports inverse design
workflows that guide the creation of novel battery materials
based on targeted electrochemical properties. Furthermore, ana-
lyzing the battery interphase in the latent space can help deter-
mine the optimal thickness and porosity for safety and
performance. Creating a stable SEI and ensuring interfacial com-
patibility for achieving stable cycling, particularly in high-voltage
or lithium-metal systems. Without optimizing these properties at
the interphase level, batteries may face low efficiency, capacity
fading, and safety risks, making inverse design a vital tool for dis-
covering optimal formulations for advanced battery
systems.[79,84,85]

4.3. Design and Characterization of Microstructure
Morphology

Microscale features of battery materials play a key role in deter-
mining the performance and efficiency of electrodes in battery
systems. This encompasses the design of electrodes that possess
optimal porosity to facilitate efficient ion transport while maxi-
mizing surface area and ensuring the mechanical integrity of
the battery systems. Microscale enhancement directly impacts
the battery’s comprehensive performance, energy density,
improved thermal management, and safety. The electrode design
must strike a careful balance between facilitating ion movement
through the pores and ensuring effective electronic conduction
within the solid material. The characteristics of the electrode
morphology, including the distribution of pore sizes and the tor-
tuosity factor, can influence the flow of ions from the separator to
the current collector. This intricate interplay of microstructural
features ultimately influences the battery’s efficiency and longev-
ity, highlighting the importance of advanced characterization
techniques and modeling approaches. Integrating generative
learning into the design and characterization of battery micro-
structures across length scales helps capture the relationships
between structure and function for electrodes, generating
realistic microstructures to facilitate further electrochemical
studies.[64,86]

Gayon Lombardo et al.[87] proposed a deep convolutional
GAN (DCGAN) to generate realistic three-dimensional microstruc-
tural data for lithium-ion battery cathodes, thereby creating syn-
thetic microstructures that closely resemble the real ones and
facilitating the design and optimization of battery electrodes.
The synthetic microstructures generated by the DCGAN closely
match the real microstructures in terms of volume fraction
and surface area. Additionally, the implemented framework dem-
onstrated the ability to generate periodic microstructures, which
reduces computational cost. This is because periodic structures
enable the use of small volumes in simulations while still provid-
ing accurate results. Kench et al.[88] implemented an approach to
generate three-dimensional microstructures from two-dimensional
images using a generative adversarial neural architecture called
SliceGAN. Traditional 2D imaging techniques often fail to capture
the volumetric properties necessary for understanding electro-
chemical processes, such as ion transport and fluid flow within
battery electrodes. By utilizing SliceGAN, researchers can gener-
ate statistically realistic 3D representations of battery microstruc-
tures, which enables more effective simulations of
electrochemical and mechanical behaviors critical for optimizing
battery performance.

In this direction, Dahari et al.[89] addressed imaging challenges
in battery cathodes, which require high-resolution techniques to
capture critical nanoscale features. Effective mesostructure
modeling often requires 3D image data with sufficient contrast,
resolution, and field of view, a combination rarely achievable with
a single imaging technique. To overcome this, Dahari et al.[89]

developed a SuperRes model based on the SliceGAN framework,
which generates 3D mesostructures from 2D images. The gener-
ator integrates random noise with low-resolution inputs for super
resolution, while the discriminator evaluates 2D output slices. The
SuperRes model demonstrated accurate mesostructure recon-
struction, highlighting the importance of resolution characteris-
tics in differentiating undersampled and undersolved data.
Their findings indicate potential advancements in material char-
acterization and optimization, highlighting areas for further
refinement in capturing long-range data relationships.

5. Challenges and Future Directions

The integration of generative models in battery research encoun-
ters several critical challenges that impede the development of
next-generation battery materials: 1) scarcity of high-quality data-
sets: one of the challenges is the limited availability of high-
quality, diverse, and large-scale datasets specifically tailored to
battery materials. The experimental battery data are often sparse,
heterogeneous, and costly to acquire. This scarcity can result in
overfitting, inadequate generalization, and a notable lack of
robustness in generative models. The complexity inherent to bat-
tery systems, which includes intricate electrochemical and physi-
cal processes, underscores the need for comprehensive datasets
that effectively capture multiscale interactions and dynamic
behaviors; 2) poor model interpretability: generative models
often operate as black boxes, making it challenging to
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comprehend their decision-making processes and the underlying
physical and chemical principles that govern material generation.
This lack of interpretability in generative models creates a barrier
for experimentalists and engineers, hindering their ability to
effectively utilize thesemodels in their research; 3) synthesizability
and stability concerns: another significant challenge lies in ensur-
ing that generated materials are not only novel but also synthe-
sizable and stable under real-world operating conditions. One key
challenge is to bridge the gap between predictions from gener-
ative models and validation through in situ experiments, which is
required to translate computational designs into practical battery
materials. In contrast, models may propose promising candidates,
but their practical effectiveness relies on efficient and accurate
experimental synthesis and characterization. The development
of closed-loop autonomous experimentation platforms that inte-
grate generative models for design, robotic systems for synthesis,
and advanced characterization techniques for validation is still in
its early stages of development; 4) high computational resource
requirements: the training and deployment of generative models,
especially those with large latent spaces and intricate architec-
tures, can be computationally intensive. This requires significant
hardware resources and energy, which can be a barrier for
researchers who lack access to high-performance computing
infrastructure; 5) multiscale complexity: additionally, the perfor-
mance of batteries is influenced by interactions across multiple
length scales, which involve coupled physical phenomena.
Consequently, integrating these diverse data types and physical
constraints into a unified generative framework is a highly com-
plex implementation.

To address the challenges in realizing the potential of gener-
ative learning for battery materials analysis, several key areas
have to be explored. Research should focus on developing
advanced techniques for generating synthetic data, utilizing
active learning, and enhancing transfer learning to address data
scarcity. This includes using high-throughput computational sim-
ulations to generate extensive synthetic datasets that comple-
ment experimental findings. Additionally, establishing strong
data standardization and sharing practices within the research
community will encourage collaboration and improve data utility.
Incorporating key principles of electrochemistry into the design
and functions of generative models can significantly improve
their interpretability, improve predictive accuracy, and produce
battery materials that are both realistic and stable. Future battery
research should prioritize the development of automated feed-
back loops between computational design and experimental val-
idation to enhance the accuracy and efficiency of these
processes. Autonomous laboratories equipped with robotic syn-
thesis and characterization capabilities guided by generative
models enhance the research process. Such advancements allow
for rapid iteration through cycles of material design, synthesis,
and testing, significantly expediting the discovery process. The
development of explainable artificial intelligence techniques tai-
lored for generative models enhances the understanding of how
specific materials are generated and the roles that material fea-
tures play in achieving desired properties. By focusing on how
these models make predictions, researchers can gain valuable

insights into the accuracy of these predictions. The advancement
of generative models in the field of materials science requires
processing and generating information across multiple modali-
ties, including chemical formulas, crystal structures, spectroscopic
data, and performance curves, while concurrently performing var-
ious tasks such as material generation, property prediction, and
synthesis pathway recommendations. Using robust uncertainty
quantification in generative models to guide experimental efforts
enables researchers to prioritize materials based on confidence in
their predicted properties, thereby enhancing the understanding
of the reliability of model outputs.
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