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Received: 17 June 2026 Abstract: The rapid transition toward sustainable energy systems has created an
Revised: 27 June 2026 urgent demand for advanced functional materials capable of improving energy
Accepted: 29 June 2026 conversion, storage, and utilization technologies. Artificial intelligence has
Published: 14 July 2026 emerged as a key enabling technology for accelerating materials discovery through

data-driven prediction, inverse design, autonomous experimentation, and intelligent
decision-making. This mini-review critically examines recent advances in Al-
assisted discovery and optimization of advanced energy materials, covering
machine learning, deep learning, graph neural networks, transformer models,
generative Al, large language models, and self-driving laboratories. Unlike
previous reviews that primarily focus on individual Al methodologies or specific
classes of energy materials, this work provides an integrated assessment of recent
developments across the entire Al-driven materials discovery workflow,
encompassing data infrastructures, predictive modelling, generative design,
autonomous experimentation, and intelligent closed-loop optimization.
Representative studies demonstrate that Al-assisted optimization has reduced
battery fast-charging optimization time from approximately 500 days to 16 days
and achieved prediction accuracies of up to R? = 0.88 in virtual materials screening.
Representative studies further demonstrate that recent generative Al models have
produced more than twice as many stable novel materials while generating
structures over ten times closer to DFT ground-state configurations, whereas Al-
assisted image analysis has achieved automated materials characterisation with
segmentation accuracies exceeding 91%. These advances demonstrate the growing
practical value of artificial intelligence across batteries, photovoltaics,
electrocatalysis, hydrogen technologies, and other sustainable energy applications.
This mini-review further discusses recent progress in open materials databases,
autonomous experimentation, foundation models, and Al-enabled research
platforms that are reshaping modern materials development. Critical evaluation of
the available literature indicates that data quality, model generalization,
interpretability, computational cost, and experimental validation remain the
principal barriers to broader implementation of Al in materials research. Based on
the literature synthesized in this mini-review, future advances are expected to
depend on the effective integration of generative Al, foundation models, physics-
informed learning, and autonomous experimentation within intelligent closed-loop
materials discovery ecosystems.
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1. Introduction

The global transition toward sustainable energy systems has substantially increased the demand for advanced
functional materials capable of improving the efficiency, stability, and economic viability of modern energy
technologies. High-performance materials play a central role in a wide range of applications, including
rechargeable batteries, photovoltaic devices, fuel cells, electrocatalytic systems, hydrogen production
technologies, and energy conversion platforms [1-8]. The performance of these technologies is largely governed
by the intrinsic properties of the materials employed, making materials discovery and optimization a critical
component of the global energy transition.

Despite decades of progress in computational and experimental materials science, the development of new
materials remains a time-consuming and resource-intensive process. Conventional research strategies often rely
on iterative trial-and-error experimentation, while first-principles calculations become increasingly expensive as
material complexity grows. Although computational methods, particularly density functional theory, have
significantly improved the understanding of structure-property relationships and enabled reliable prediction of many
materials properties, their application to vast chemical design spaces remains computationally demanding [1,2,9]. As
a result, the pace of materials innovation frequently lags behind the urgent technological demands associated with
decarbonization, renewable energy deployment, and energy security.

In response to these challenges, materials science is undergoing a profound transformation driven by
advances in data science, high-performance computing, and artificial intelligence. Supported by initiatives such as
the Materials Genome Initiative and the rapid expansion of open materials databases, researchers now have access
to unprecedented volumes of experimental and computational data [6,10,11]. This development has accelerated
the emergence of materials informatics, a field that combines materials science with machine learning and data-
driven analytics to uncover hidden relationships, predict materials properties, and guide the search for new
compounds. Over the past decade, artificial intelligence has evolved from a supporting analytical tool into an active
participant in the discovery process, enabling the rapid screening of candidate materials, identification of complex
patterns, and optimization of multidimensional design spaces.

Recent advances have further expanded the role of Al beyond conventional prediction tasks. Deep learning
architectures, graph neural networks, transformer models, generative artificial intelligence, and large language
models are increasingly being applied to inverse materials design, knowledge extraction, autonomous
experimentation, and scientific reasoning. As highlighted by Salas et al. [10], materials discovery has progressively
evolved from empirical and theory-driven approaches toward computational, data-driven, and, more recently,
generative Al-assisted paradigms. This evolution is fundamentally reshaping the way materials are conceived,
designed, and validated, offering opportunities to reduce development times from years to months and, in some
cases, even weeks.

The growing convergence of artificial intelligence, automation, robotics, and advanced materials
characterisation is also driving the emergence of self-driving laboratories and closed-loop discovery platforms.
These systems integrate predictive modelling, automated synthesis, characterisation, and continuous learning
within unified research workflows, creating the foundation for a new generation of intelligent materials discovery
ecosystems [5,12—18]. Rather than simply accelerating existing methodologies, such developments have the
potential to redefine the scientific process itself by enabling adaptive and increasingly autonomous research
strategies [19-24].

Against this background, the present mini-review provides a critical overview of recent advances in Al-driven
discovery and optimization of advanced energy materials. Particular attention is given to the development of data
infrastructures, machine-learning methodologies, generative design strategies, and autonomous research platforms
for batteries, photovoltaics, electrocatalysis, hydrogen-related technologies, and other sustainable energy
applications. By critically synthesizing recent advances, current challenges, and emerging research directions, this
mini-review provides an integrated assessment of how artificial intelligence is reshaping the entire materials
discovery workflow, from data generation and predictive modelling to autonomous experimentation and intelligent
decision making for sustainable energy applications.

Unlike previous reviews that primarily examine individual artificial intelligence methodologies or specific
classes of energy materials, this mini-review provides a unified and critical assessment of the complete Al-driven
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materials discovery ecosystem. It integrates recent advances in machine learning, graph neural networks,
transformer models, generative Al, foundation models, large language models, Al agents, and self-driving
laboratories within a single framework spanning data infrastructure, predictive modelling, inverse design,
autonomous experimentation, and intelligent decision-making. In addition, this mini-review synthesizes the most
recent developments reported during 2023-2026 and identifies the key scientific challenges, emerging trends, and
future research directions that are expected to shape next-generation Al-assisted energy materials discovery.

2. Review Methodology and Literature Search Strategy

This mini-review was prepared through a critical analysis of recent literature on artificial intelligence
applications in energy materials research. Relevant publications were identified using the Web of Science, Scopus,
and Google Scholar databases, with primary emphasis on studies published between 2020 and 2026. Search
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keywords included “materials informatics”, “machine learning”, “deep learning”, “generative AI”, “large language
models”, “self-driving laboratories”, “battery materials”, “electrocatalysis”, “photovoltaics”, and “sustainable
energy materials”. Representative research articles, review papers, and perspective articles were selected according
to their scientific relevance, methodological quality, citation impact, and contribution to recent advances in Al-
assisted energy materials discovery. Particular attention was given to studies published during 2023-2026 that
reported quantitative performance metrics, experimental validation, autonomous experimentation, foundation
models, generative Al, and closed-loop optimization workflows. Rather than providing an exhaustive
bibliographic survey, this mini-review critically synthesizes representative studies to identify major technological
advances, remaining scientific challenges, and emerging research directions in Al-driven energy materials
discovery. The resulting analysis emphasizes the convergence of computational materials science, artificial
intelligence, and autonomous experimentation as the principal drivers of future materials innovation.

3. Evolution of Materials Discovery Paradigms

The history of materials discovery reflects the continuous evolution of scientific methodologies developed to
understand, design, and optimize functional materials for increasingly demanding technological applications. For
centuries, new materials were developed primarily through empirical observations, trial-and-error
experimentation, and accumulated practical knowledge. Although this empirical approach produced many
technologically important materials, the discovery process remained slow, resource intensive, and heavily
dependent on accumulated experimental experience. These limitations stimulated the development of increasingly
predictive methodologies capable of reducing experimental uncertainty and accelerating materials innovation.
From the Bronze and Iron Ages to the early twentieth century, advances in metallurgy, ceramics, and chemical
processing were largely driven by experience rather than predictive scientific frameworks [10]. Although this
empirical approach produced many technologically important materials, the discovery process remained slow,
resource-intensive, and highly dependent on human intuition.

The emergence of modern theoretical physics and chemistry during the twentieth century marked the next major
transition in materials research. Thermodynamics, statistical mechanics, and quantum theory provided the foundation
for understanding structure-property relationships and enabled researchers to move beyond purely empirical
approaches. Simplified analytical models and theoretical frameworks increasingly guided the design of materials with
targeted properties, laying the groundwork for a more predictive approach to materials development [10,11]. A
further transformation occurred with the rise of computational materials science. Beginning in the second half of
the twentieth century and accelerating rapidly after the 1990s, first-principles calculations, molecular dynamics
simulations, and high-performance computing became indispensable tools for investigating complex materials
systems. Computational approaches enabled virtual screening of candidate compounds and provided atomistic
insights that were often inaccessible through experiments alone. Nevertheless, despite their remarkable predictive
capabilities, many simulation-based methods remain computationally demanding, particularly when applied to
large systems, complex interfaces, or vast compositional spaces [2,13].

The advent of the data-driven era introduced a fundamentally different paradigm. Supported by initiatives
such as the Materials Genome Initiative and the rapid growth of open scientific infrastructures, large-scale
databases including Materials Project, OQMD, JARVIS, and NOMAD have made millions of computational and
experimental records accessible to the research community [6]. The availability of these resources has accelerated
the development of materials informatics and enabled machine-learning algorithms to identify complex
relationships between composition, structure, processing conditions, and functional performance. As a result,
researchers are increasingly able to navigate previously inaccessible regions of chemical space and prioritize
promising candidates before undertaking costly simulations or experimental validation [3,4,6].
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More recently, the field has entered a new phase characterized by the integration of artificial intelligence, high-
throughput computation, laboratory automation, and autonomous experimentation. Rather than functioning as isolated
tools, modern Al systems are increasingly incorporated into interconnected discovery workflows that combine data
generation, predictive modelling, inverse design, experimental planning, and continuous optimization [3,5,10,12].
Generative models can propose previously unknown materials, machine-learning algorithms can evaluate their
potential performance, computational methods can verify structural stability, and automated laboratories can
experimentally test the most promising candidates. The resulting feedback is subsequently used to refine predictive
models and guide further exploration.

This transition represents more than a technological improvement in existing research practices. It reflects a
broader shift from data-driven materials science toward intelligence-driven discovery ecosystems capable of
continuously learning, adapting, and improving through iterative feedback. Such frameworks offer the potential to
dramatically accelerate innovation cycles, reduce development costs, and expand the range of accessible materials
far beyond what could be explored using conventional approaches alone. Figure 1 summarizes this emerging Al-
driven closed-loop paradigm for sustainable energy materials discovery and optimization.
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Figure 1. Al-assisted closed-loop workflow linking materials databases, machine learning, computational

screening, autonomous experimentation, and feedback-driven optimization.

Figure 1 illustrates the ongoing transition from conventional linear materials-development workflows toward
integrated intelligence-driven discovery ecosystems. Unlike traditional research strategies, where computational
modelling, experimental validation, and data analysis are often conducted as separate activities, modern Al-
enabled platforms establish continuous feedback loops among these processes. Such integration enables more
efficient exploration of chemical space, improves the allocation of experimental resources, and accelerates the
identification of promising energy materials. The convergence of predictive modelling, generative artificial
intelligence, autonomous experimentation, and continuous learning is increasingly viewed as a technological
foundation for next-generation sustainable energy materials research [3,5,10,12].
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According to the authors, the convergence of artificial intelligence, high-performance computing, and
autonomous experimentation represents the beginning of a new era in materials research, where continuous
interaction between prediction, validation, and learning is expected to become a defining characteristic of future
materials discovery workflows.

4. Al Foundations for Energy Materials
4.1. Materials Databases and Infrastructure

The rapid adoption of artificial intelligence in materials science has been enabled largely by the emergence
of extensive digital infrastructures and open-access materials databases. Over the past two decades, large-scale
initiatives have generated unprecedented volumes of computational and experimental data, transforming materials
research into an increasingly data-intensive discipline. Among the most influential resources are the Materials
Project, which provides calculated properties for more than 140,000 inorganic compounds, the Open Quantum
Materials Database, and the NOMAD repository, which collectively contain millions of density functional theory
calculations and associated materials descriptors [6]. Additional platforms, including AFLOW, JARVIS, and
Citrination, further expand the availability of high-quality datasets and provide valuable benchmarks for the
development and validation of machine-learning models [6,15].

The impact of these resources extends far beyond simple data storage. Open databases have democratized
access to materials information, allowing researchers worldwide to explore, validate, and reuse data that would
otherwise require substantial computational or experimental effort to generate. This accessibility has accelerated
the development of materials informatics and enabled machine-learning algorithms to identify complex
relationships between composition, crystal structure, processing conditions, and functional properties. As a result,
data-driven approaches can now guide the selection of promising candidates before expensive simulations or
laboratory experiments are performed [6,15]. Beyond accelerating materials screening, these databases also
improve the reproducibility and comparability of Al studies by providing standardized benchmark datasets that
can be reused across different machine-learning models. This standardization facilitates objective evaluation of
predictive algorithms, promotes transparent model development, and enables independent validation of reported
results, thereby strengthening confidence in Al-assisted materials discovery.

Recent developments have further expanded the role of digital infrastructures through the integration of cloud
computing, high-throughput simulations, laboratory automation, and artificial intelligence. Salas et al. describe
emerging cloud-edge computing frameworks capable of linking computational resources, autonomous
experimentation, and secure data-sharing mechanisms within unified research environments [10]. These platforms
support real-time data exchange, continuous model refinement, and collaborative workflows that bridge the gap
between computational prediction and experimental validation. Increasingly, these infrastructures are being
integrated with application programming interfaces, workflow managers, and cloud computing environments that
allow automated interaction among databases, computational software, and laboratory equipment. Such
interoperability is becoming an important prerequisite for autonomous materials discovery workflows. At the same
time, increasing attention is being directed toward transparency, reproducibility, and the implementation of FAIR
data principles, which are becoming essential requirements for modern Al-assisted research [10,16].

Another important aspect is the growing emphasis on sustainability and efficient resource utilization. By
promoting data sharing, workflow standardization, and the reuse of computational results, modern digital
infrastructures help reduce redundant calculations and unnecessary experimental efforts. Such practices not only
improve research efficiency but also contribute to lowering the computational and environmental costs associated
with large-scale materials discovery programs [16]. Taken together, open databases and intelligent research
infrastructures constitute the digital backbone of contemporary materials informatics. Their continued
development is expected to strengthen the integration of data resources, predictive algorithms, autonomous
experimentation, and scientific collaboration, thereby providing the digital foundation required for next-generation
Al-assisted materials discovery and sustainable energy innovation [6,10,16].

4.2. Classical Machine Learning

Classical machine-learning methods remain an important component of modern materials informatics despite
the rapid emergence of deep-learning and generative Al approaches. Algorithms including SVM, decision trees,
RF, GBDT, k-NN, and regression-based models have been extensively employed for property prediction, materials
screening, phase identification, and process optimization across a wide range of energy materials [17]. Their
continued popularity largely stems from their ability to achieve reliable predictive performance using relatively
small or moderately sized datasets, which remain typical in many experimental materials studies.
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The growing availability of materials databases has significantly expanded the applicability of supervised
machine-learning methods. Early studies primarily relied on linear and multivariate regression models to establish
relationships between composition, structure, and performance. These approaches gradually evolved toward more
sophisticated algorithms capable of capturing nonlinear interactions and complex feature dependencies. Among
them, random forests and gradient-boosting frameworks have gained particular attention because of their
robustness, computational efficiency, and relatively high interpretability [17,18]. For example, Mishra et al.
demonstrated that random-forest models can substantially improve the prediction of ionic conductivity in solid
electrolytes, thereby accelerating the identification of promising candidates for next-generation battery
technologies [19]. Similar approaches have been employed to predict formation energies, electrochemical stability,
catalytic activity, and transport properties across a wide range of functional materials systems.

An additional advantage of classical machine-learning methods is their compatibility with feature-
engineering strategies based on physically meaningful descriptors. Composition-derived variables, elemental
properties, crystallographic parameters, and thermodynamic descriptors can be incorporated directly into
predictive models, allowing researchers to relate model performance to established physicochemical principles
rather than relying exclusively on data-driven correlations. This capability has contributed to the continued use of
classical ML in situations where both prediction accuracy and scientific interpretability are required.

In addition to supervised learning, unsupervised machine-learning techniques play an important role in
extracting knowledge from complex and high-dimensional datasets. Clustering algorithms, dimensionality-
reduction methods, and topological data-analysis approaches can reveal hidden patterns that are often difficult to
identify using conventional statistical techniques. These approaches facilitate exploration of large chemical spaces
by grouping structurally or chemically related compounds, reducing data dimensionality, and identifying
descriptor combinations associated with specific materials properties. As a result, unsupervised learning can reveal
hidden trends that subsequently guide targeted computational or experimental investigations. Chen et al.
introduced a multiscale topological learning framework that combines unsupervised feature extraction with
materials screening to identify promising lithium superionic conductors [20]. By integrating data filtering,
topological analysis, and clustering, the approach enabled efficient navigation of large materials datasets and
facilitated the discovery of candidates with favorable ion-transport characteristics.

An important reason for the continued use of classical machine-learning models is their comparatively high
level of interpretability. Feature-importance analysis, decision-tree structures, permutation-based ranking
methods, and SHAP-type explainability techniques enable researchers to identify the variables that most strongly
influence model predictions. Such information often provides valuable scientific insight into the relationships
between composition, structure, processing conditions, and functional properties. Consequently, classical machine
learning remains widely employed as an efficient first-stage screening tool and continues to complement more
computationally demanding deep-learning and graph-based approaches in contemporary materials discovery
workflows [17-21].

4.3. Deep Learning

The emergence of deep learning has significantly expanded the capabilities of artificial intelligence in
materials science by enabling the automatic extraction of complex and hierarchical features directly from raw data.
Unlike classical machine-learning approaches, which often rely on manually engineered descriptors, deep neural
networks can learn nonlinear relationships from large and heterogeneous datasets with minimal prior assumptions.
This capability is particularly valuable for energy materials because their functional properties are often governed
by complex and nonlinear relationships among chemical composition, crystal structure, microstructure, defects,
processing conditions, and operating environments, making conventional descriptor-based approaches
increasingly insufficient for accurate prediction [22].

Among the most widely adopted deep-learning architectures are convolutional neural networks, recurrent
neural networks, autoencoders, and attention-based frameworks. These models have demonstrated remarkable
success in materials characterisation, inverse design, image analysis, spectroscopy interpretation, and surrogate
modelling of computationally expensive simulations. In many cases, deep-learning models are capable of
identifying patterns that remain difficult to capture using conventional statistical or descriptor-based approaches,
thereby improving predictive accuracy and accelerating the interpretation of large experimental datasets [22—24].
In addition, deep-learning models increasingly serve as transferable feature extractors that can be adapted to
different classes of energy materials with relatively limited retraining [19-23]. This transfer-learning capability is
becoming particularly valuable in materials research, where experimentally validated datasets often remain limited
despite the rapid growth of computational databases.
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One of the major strengths of deep learning lies in its ability to process noisy and high-dimensional data.
Klein-Moberg et al. developed a deep-learning-assisted online mass spectrometry platform capable of monitoring
reaction products generated on individual catalyst nanoparticles during fuel-cell operation [22]. By employing a
denoising autoencoder, the authors successfully extracted weak reaction signals from highly noisy measurements
and reduced the required catalyst surface area by approximately three orders of magnitude. Beyond improving
measurement sensitivity, this study illustrates how deep learning can enhance experimental efficiency by
extracting physically meaningful information from data that would otherwise be difficult to interpret using
conventional signal-processing techniques. Such advances demonstrate how deep learning can substantially
enhance experimental sensitivity while reducing material consumption and measurement time.

Deep-learning approaches have also been increasingly integrated with physics-based simulations to
investigate complex transport phenomena in energy systems. Li et al. integrated molecular dynamics simulations
with an advanced deep-learning framework to investigate the distribution and diffusion of water molecules in
proton-exchange membrane fuel-cell catalyst layers, providing molecular-scale insights into water transport and
catalyst-layer design [23]. Their framework enabled efficient prediction of water distribution and diffusion while
offering valuable guidance for the structural optimization and rational design of catalyst layers in fuel cells.

The rapid development of advanced electron microscopy, X-ray imaging, and spectroscopic techniques has
generated increasingly large and complex datasets, making automated image interpretation an essential component
of modern materials characterisation. Modern imaging techniques generate enormous volumes of information,
making manual analysis increasingly impractical. Deep-learning-based semantic segmentation and computer-
vision methods can automatically identify microstructural features, quantify morphological characteristics, and
correlate structural information with functional performance. For example, Bi et al. applied a deep-learning
segmentation framework to catalyst layers used for electrochemical CO, reduction and achieved an accuracy
exceeding 91% in distinguishing pores, catalyst particles, and ionomer-rich regions [24]. Their analysis revealed
that an ionomer-to-carbon ratio close to 0.2 provided optimal transport conditions for CO, diffusion, offering
valuable guidance for catalyst-layer design and performance optimization.

Beyond individual applications, deep learning is increasingly serving as a surrogate modelling framework
capable of replacing computationally intensive simulations and accelerating materials screening. By rapidly
approximating complex physical relationships, deep neural networks can significantly reduce computational costs
while maintaining acceptable predictive accuracy. Based on the studies reviewed in this mini-review, deep learning
is expected to evolve from a high-performance predictive tool into an integral component of intelligent materials
discovery platforms that seamlessly connect computational modelling, automated characterisation, autonomous
experimentation, and data-driven decision making within closed-loop research environments [22-24].

4.4. Graph Neural Networks and Transformers

Graph neural networks have become one of the most influential Al architectures in modern materials informatics
because they naturally represent the atomic structure of crystalline solids, molecules, and functional materials as
interconnected graphs. Unlike conventional machine-learning methods that rely heavily on manually engineered
descriptors, GNNs operate directly on graph representations in which atoms are treated as nodes and chemical bonds
or interatomic interactions are represented as edges. This structure allows the model to learn relationships directly
from atomic environments while preserving essential chemical and structural information [25].

The growing popularity of GNNs stems from their ability to simultaneously capture local atomic interactions
and long-range structural effects. Models such as the CGCNN have demonstrated remarkable performance in
predicting formation energies, electronic bandgaps, elastic constants, thermal conductivity, and other materials
properties directly from crystal structures [25]. By learning hierarchical representations of atomic environments,
these models can identify complex structure-property relationships that are often difficult to capture using
conventional descriptor-based approaches. As a result, GNNs have become powerful tools for high-throughput
screening and accelerated exploration of large materials spaces. An important advantage of GNNs is that they
reduce the dependence on manually constructed descriptors by learning structural representations directly from
atomic connectivity. This capability improves model transferability across different classes of materials and
facilitates the exploration of previously unexplored regions of chemical space.

An additional advantage of graph-based architectures is their flexibility. The same fundamental framework
can be adapted to a wide range of materials systems, including inorganic crystals, battery materials, catalysts,
porous frameworks, polymers, and nanostructures. Recent studies have demonstrated that GNNs frequently
outperform traditional machine-learning approaches when sufficiently large and diverse training datasets are
available. According to Jiang et al., graph neural networks play a unique role in materials research by enabling the
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automatic extraction of high-dimensional yet physically meaningful representations from heterogeneous materials
data [25]. This capability is particularly important for complex energy materials, where interactions between
composition, structure, defects, and processing conditions often determine functional performance.

Recent progress also indicates that graph-based learning is becoming an important foundation for the
development of domain-specific foundation models in materials science [25-28]. By pretraining GNNs on large
crystallographic databases and subsequently adapting them to specialized prediction tasks, researchers can
substantially reduce the amount of task-specific training data while improving model generalization across diverse
materials systems. This emerging strategy is expected to play an increasingly important role in next-generation
Al-assisted materials discovery.

Transformer architectures have recently emerged as another important family of Al models for materials
science, complementing graph-based learning by capturing long-range relationships within complex scientific
datasets. Originally developed for natural language processing, transformers utilize attention mechanisms that
enable efficient modelling of long-range dependencies within complex datasets. In recent years, researchers have
successfully adapted these architectures to materials-related tasks by treating compositions, crystal structures,
scientific texts, or experimental sequences as structured information that can be processed using attention-based
learning strategies [25]. Transformer-based models have demonstrated considerable potential for property
prediction, materials classification, knowledge extraction, and structure generation. Materials-specific language
models trained on large scientific corpora can identify hidden relationships within the literature, accelerate
information retrieval, and support hypothesis generation. Unlike conventional predictive models, these pretrained
transformer systems are capable of integrating information from publications, databases, and experimental records,
thereby supporting literature mining, scientific reasoning, and hypothesis generation within a unified
computational framework. At the same time, transformer architectures are increasingly being integrated with
crystallographic and compositional data to predict materials properties directly from structural information. These
developments are opening new opportunities for connecting experimental observations, computational
simulations, and scientific knowledge within unified Al frameworks.

Particularly promising is the emergence of multimodal transformer systems capable of simultaneously
processing multiple forms of scientific information. Such models can integrate textual synthesis descriptions,
compositional data, microscopy images, spectroscopic measurements, and computational results within a single
learning architecture. This capability may significantly improve the interpretation of complex materials datasets
while enabling more comprehensive and context-aware decision-making. Jiang et al. further emphasize that
transformer-based architectures are expected to play an increasingly important role in both property prediction and
materials generation as larger domain-specific pretraining datasets become available [25]. Taken together, graph
neural networks and transformer architectures represent a major shift toward representation learning in materials
science. Rather than relying exclusively on handcrafted descriptors, these approaches learn relevant physical and
chemical relationships directly from data, providing a powerful foundation for next-generation materials discovery,
inverse design, and autonomous research systems. From the authors’ perspective, continued advances in graph-based
representation learning and transformer architectures will provide an essential computational foundation for future
multimodal AI systems capable of integrating structural data, scientific literature, experimental observations, and
autonomous laboratory workflows within a unified materials discovery framework [25].

4.5. Generative Models for Inverse Design

Generative artificial intelligence has emerged as one of the most transformative developments in
contemporary materials informatics. Unlike conventional predictive models that estimate the properties of existing
compounds, generative Al seeks to design entirely new materials by directly exploring previously inaccessible
regions of chemical space while satisfying predefined performance objectives. This shift from passive screening
toward active materials generation represents a fundamental change in the way materials discovery is performed.
Instead of searching vast chemical spaces for promising candidates, researchers can now use Al systems to propose
previously unexplored compositions and structures that satisfy predefined design objectives [10,26].

Several classes of generative models have been successfully adapted for materials research, including
variational autoencoders, generative adversarial networks, and diffusion-based architectures. Variational
autoencoders learn compressed latent representations of known materials and subsequently generate new
candidates by exploring previously unoccupied regions of latent space. Generative adversarial networks employ
competing neural networks to create realistic structures that resemble existing materials while maintaining
diversity and novelty. More recently, diffusion models have attracted considerable attention because of their ability
to generate complex structures with improved stability and physical realism. These approaches have already been
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applied to the design of inorganic crystals, battery materials, perovskite-inspired compounds, catalysts, and
functional nanostructures [10]. Recent studies further indicate that generative architectures are increasingly being
combined with pretrained foundation models capable of learning transferable representations from massive
crystallographic and materials databases [26]. Such integration improves model generalization and provides a more
efficient starting point for inverse design across diverse classes of functional materials [25,26].

One of the most significant advantages of generative Al is its compatibility with inverse-design strategies. In
traditional materials development, researchers typically begin with a candidate material and then evaluate whether
it possesses desirable properties. Generative models reverse this workflow by starting from target properties and
subsequently proposing structures that may satisfy those requirements. This strategy is especially attractive for
sustainable energy materials, where practical applications frequently require simultaneous optimization of multiple
and often competing characteristics, including efficiency, long-term stability, cost, safety, manufacturability, and
environmental sustainability. According to Wang et al. generative Al is increasingly shifting battery materials
research from data-driven screening toward intelligent inverse design, enabling the targeted exploration of
previously inaccessible regions of chemical space [26].

Recent advances further suggest that generative Al may become a central component of autonomous discovery
ecosystems. By coupling generative models with high-throughput simulations, machine-learning predictors, and
automated experimental platforms, candidate materials can be continuously generated, evaluated, optimized, and
validated within closed-loop research workflows. Such integration substantially reduces the number of costly
experiments required while accelerating the identification of promising materials candidates [10,26]. Rather than
replacing experimental research, these integrated workflows allow experimental resources to be concentrated on
the most promising candidates, thereby improving both the efficiency and reliability of materials development.
The generation of chemically realistic and experimentally synthesizable materials continues to be a major concern.
Many generative models struggle with limited training data, uncertainty quantification, and the interpretation of latent
representations. Furthermore, a generated structure that appears promising computationally may ultimately prove
unstable or difficult to synthesize under realistic laboratory conditions. Addressing these limitations will require
tighter integration between generative Al, domain knowledge, physics-based modelling, and experimental validation.

Nevertheless, the rapid progress achieved in recent years strongly suggests that generative models will play
an increasingly important role in future materials discovery. As model architectures become more sophisticated
and training datasets continue to expand, generative Al is expected to move beyond candidate generation toward
fully adaptive design systems capable of continuously learning from both computational and experimental
feedback. Based on the literature analyzed in this mini-review, generative Al is expected to evolve beyond
candidate generation toward adaptive discovery platforms capable of continuously integrating computational
predictions, experimental observations, and autonomous decision making. Such systems may fundamentally
change the way advanced energy materials are designed by enabling iterative optimization throughout the entire
research cycle rather than during isolated stages of materials development [10,26].

4.6. Large Language Models and Al Agents

One of the newest directions in Al-assisted materials research is the application of large language models
(LLMs) and autonomous Al agents. These systems extend the capabilities of conventional machine-learning
frameworks by combining natural-language understanding with reasoning, information retrieval, and workflow
coordination. Recent developments include scientific language models adapted to materials-related literature as
well as multimodal systems capable of processing text, images, experimental data, and laboratory instructions
within a unified framework. Although still at an early stage of development, such models have already
demonstrated potential for literature analysis, knowledge extraction, hypothesis generation, and experimental
planning [25].

Recent studies indicate that LLMs can support a wide range of research activities, including the interpretation
of scientific publications, identification of hidden relationships within large literature collections, synthesis
planning, and automated data analysis [3,25,27]. Recent developments have also expanded the role of LLMs in
electronic laboratory notebook (ELN) automation and laboratory workflow management. These systems can
organize experimental records, generate standardized documentation, summarize laboratory observations, and
convert natural-language researcher instructions into structured experimental protocols. Such capabilities improve
documentation quality, reduce manual effort, and facilitate communication between researchers, automated
instrumentation, and robotic laboratory platforms. By leveraging information contained in articles, databases,
patents, and experimental reports, these models can assist researchers in navigating increasingly complex scientific
knowledge landscapes. Beyond information retrieval, LLMs are increasingly being used to synthesize fragmented
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scientific knowledge, identify emerging research trends, and support the generation of new scientific hypotheses
across multiple disciplines. Jiang et al. identified LLMs as an emerging direction for energy materials research
because of their ability to integrate information across multiple data modalities and support decision-making in
complex research environments [25].

An equally important trend is the integration of language models with autonomous laboratory platforms. In
these systems, LLMs function not only as information-processing tools but also as interfaces connecting
computational models, robotic synthesis systems, characterisation instruments, and data-analysis pipelines. Recent
studies have demonstrated how Al agents can coordinate simulations, evaluate experimental outcomes, and guide
iterative optimization within closed-loop research workflows [5,12,28]. Platforms such as CreBOT illustrate the
growing convergence of language-based reasoning, machine vision, scientific knowledge, and laboratory
automation, providing an early glimpse of future intelligent research environments [25,28].

Despite encouraging progress, several challenges continue to limit the widespread deployment of LLM-based
scientific systems. Current models may generate scientifically incorrect information, struggle with uncertainty
quantification, and exhibit limited domain-specific reasoning when confronted with highly specialized materials
problems [3,27]. Concerns related to transparency, reproducibility, explainability, and experimental verification also
remain important. Nevertheless, rapid progress in scientific foundation models, multimodal learning, and autonomous
experimentation indicates that LLM-based systems are evolving from information-processing tools into intelligent
research assistants. From the authors’ perspective, their greatest long-term impact will arise from coordinating
interactions among scientific literature, computational models, experimental platforms, and autonomous laboratories,
thereby supporting increasingly integrated Al-driven materials discovery ecosystems [3,5,27,28].

To provide a concise comparison of the major artificial-intelligence approaches currently employed in energy
materials research, Table 1 summarizes their principal application areas, strengths, and current limitations.
Collectively, these developments illustrate the ongoing evolution from conventional predictive modelling toward
increasingly integrated and autonomous research ecosystems capable of combining prediction, design,
experimentation, and decision-making within a unified workflow.

Table 1. Comparison of representative Al methods for energy materials discovery.

Al Method Applications Major Strengths Challenges
Classical ML Pronerty prediction. materials screenin Fast training, interpretable models, Limited extrapolation
perty p i g effective with limited datasets beyond training data
Crystal property prediction, batterics, Leams-struc‘ture-.propeny Requires hlgh-quqllty structural
GNNs . relationships directly datasets and significant
electrocatalysts, perovskites . -
from atomic graphs computational resources
ientific text mini .
Sc1en 111C text mining, Captures long-range dependencies Data-hungry and
Transformers multimodal materials datasets, . . .
and complex correlations computationally expensive

sequential process optimization

Synthesizability, stability,
and experimental validation
remain challenging

Inverse materials design, Generates novel candidate materials

Generative Al molecular generation, catalyst discovery beyond known chemical space

Literature analysis,

hypothesis eencration Integrates knowledge across Hallucinations, limited scientific
LLMs & Al Agents yp g N publications, code, reasoning, and domain-specific
workflow planning, AP
; and laboratory workflows reliability issues
autonomous research assistance
SDLs + Bayesian Autonomous experimentation, catalyst ~ Enables closed-loop discovery and High infrastructure cost and
Optimization optimization, battery development rapid experimental optimization limited accessibility

As summarized in Table 1, current Al methodologies should be viewed as complementary components of an
integrated materials discovery ecosystem rather than as competing technologies. Classical machine learning, graph
neural networks, transformers, generative Al, large language models, and self-driving laboratories each address
different stages of the discovery process. Their increasing integration is progressively transforming materials
research from isolated prediction tasks into intelligent workflows that combine data generation, computational
modelling, experimental validation, and adaptive decision-making within a unified framework.

5. AI-Driven Discovery of Energy Materials

The rapid development of artificial intelligence has transformed a wide range of energy-related research fields.
While the underlying methodologies differ, a common objective across these applications is the acceleration of
materials discovery, optimization, and deployment through data-driven decision-making. This section highlights
representative advances in batteries, photovoltaics, electrocatalysis, hydrogen technologies, and other functional
energy materials where Al is increasingly influencing both fundamental research and practical innovation.
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5.1. Batteries and Energy Storage

AT has had significant impact on battery materials, especially cathodes, anodes, and solid electrolytes [26,29].
ML models predict cathode voltages and stability; DL networks identify novel electrode molecules. For example,
Wang et al. review inorganic battery materials and emphasize data standardization and ML for cathode/anode
screening [26]. A striking case is closed-loop optimization of charging protocols: Attia et al. showed that an ML-
driven optimization loop could cut EV fast-charge testing time from 500 days to just 16 days [30], demonstrating
AI’s power to accelerate battery testing.

Predictive models have also guided materials selection. Du et al. used ML to screen more than 1 million
hypothetical organic molecules for Li-ion battery electrodes [31]. They narrowed the search to 1524 candidates
and trained support-vector regression models to predict redox potentials with R? = 0.88 [31]. Similarly, random-
forest models have identified promising solid-electrolyte compositions with high ionic conductivity [19,25].
Recent studies have also highlighted the growing importance of explainable artificial intelligence (XAI) in battery
research. Rather than providing predictions alone, explainable models identify the compositional features, atomic
environments, and structural descriptors that contribute most strongly to battery performance. Such information
helps researchers understand why a particular material is predicted to exhibit superior electrochemical behavior,
thereby increasing confidence in Al-assisted materials selection and supporting the development of physically
meaningful design strategies [17,25]. Al has also been applied to predict grain-boundary properties and optimize
electrode-electrolyte interfaces in solid-state batteries. In parallel, generative models are increasingly being
explored for battery design [26-33]. Variational autoencoders trained on known cathode structures have
demonstrated the potential to generate new doped materials with improved energy density and electrochemical
performance [34-39].

Other advances include degradation and lifetime prediction. ML can forecast battery aging from partial
charging data, enabling smarter battery management. These advances have been supported by the growing
availability of public battery datasets together with physics-informed machine-learning frameworks that combine
electrochemical knowledge with experimental and battery-management-system data to improve prediction
accuracy and model robustness [7,17,25,26]. Recent studies have also expanded the application of Al in battery
management and electrothermal modelling. Transfer-learning strategies, machine-learning-based power
estimation methods, and neural-network battery models have demonstrated improved prediction of battery power
capability and state-of-power evolution throughout battery lifetime while reducing computational complexity.
These developments further illustrate that Al is becoming an important component not only of materials discovery
but also of battery diagnostics, management, and system-level optimization [40—42].

The battery sector remains one of the most mature examples of Al-assisted materials innovation. The
combination of large experimental datasets, advanced characterisation techniques, and strong industrial demand has
created favorable conditions for the adoption of machine learning across the entire battery-development pipeline.
From the studies analyzed in this mini-review, battery research appears to be the most advanced application area for
Al-assisted materials discovery, providing methodological developments that are increasingly being adapted to
photovoltaics, electrocatalysis, hydrogen technologies, and other functional energy systems [17,25,26].

5.2. Photovoltaics and Perovskites

Perovskite solar cells are a flagship example of Al in photovoltaics. ML has been used to tackle PSC challenges
(efficiency optimization, stability) by mining compositional and processing data [4,32,33]. For instance, models have
predicted tolerance factors, bandgaps, and phase stability for new perovskite formulas. They also optimize device
architectures by mapping how layer thickness or additive concentration affects performance. de la Asuncion-Nadal
et al. provide a comprehensive review of ML in PSCs [32], noting that datasets from experiments and simulations
(many from Materials Project and related sources) fuel models for bandgap and stability.

Beyond improving predictive performance, Al is helping researchers better understand the complex
relationships among composition, processing conditions, defect chemistry, and long-term device stability. This
capability is particularly important for perovskite photovoltaics, where small variations in fabrication parameters
can lead to significant differences in performance and operational lifetime. As automated experimentation and
high-throughput characterisation become more widespread, Al-assisted optimization is expected to play an
increasingly important role in the commercialization of next-generation photovoltaic technologies [4,32,33].

Al also accelerates material discovery in photovoltaics beyond perovskites. For example, Bayesian
optimization has guided synthesis of lead-free perovskites. Convolutional networks have predicted solar cell
efficiencies from microscopy images. Generative models have been applied to propose new pigment materials and
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organics for organic PV. Crucially, machine learning reduces reliance on expensive solar simulator tests: predictive
models can approximate a cell’s [-V curve from composition features.

Despite substantial progress, several challenges continue to limit the broader application of artificial
intelligence in photovoltaic materials research. Available datasets often remain fragmented, heterogeneous, and
biased toward successful or extensively studied compositions, which can reduce model generalizability and
predictive reliability. Large-scale initiatives such as the Harvard Clean Energy Project and other open photovoltaic
databases have demonstrated the importance of high-quality data infrastructures for accelerating Al-assisted
materials development. Continued advances in automated synthesis, high-throughput characterisation, and digital
manufacturing are expected to further expand the availability of reliable training data. Collectively, these
developments indicate that artificial intelligence will play an increasingly important role not only in optimizing
existing photovoltaic technologies but also in accelerating the discovery and commercialization of next-generation
solar-energy materials [32,33].

5.3. Electrocatalysis and Hydrogen Production

Electrocatalytic materials used for water splitting, carbon dioxide reduction, fuel cells, and hydrogen-related
technologies represent another major area where artificial intelligence is accelerating materials discovery and
optimization. Machine-learning and deep-learning models have been widely employed to predict catalytic activity,
reaction selectivity, adsorption energies, and long-term stability. By learning from computational and experimental
datasets, these approaches enable rapid identification of promising catalyst compositions while reducing the need
for extensive trial-and-error experimentation. Jiang et al. highlighted the growing role of deep learning in the
inverse design of oxygen reduction and hydrogen oxidation reaction catalysts, demonstrating how Al can guide
the development of high-performance electrocatalytic materials [25].

Artificial intelligence is also increasingly integrated into catalyst development workflows through automated
experimentation and closed-loop optimization. Platforms such as CreBOT combine machine learning, scientific
knowledge, and robotic control to continuously adjust reaction conditions and accelerate catalyst screening [25,28].
Recent studies have shown that Bayesian optimization can significantly improve the efficiency of catalyst
discovery by identifying promising compositions using far fewer experiments than conventional approaches. By
continuously integrating computational predictions with experimental feedback, these Al-assisted optimization
strategies substantially reduce the number of experiments required to identify high-performance catalytic
materials. These developments are particularly valuable for complex catalytic systems, where numerous variables
influence reaction performance and stability.

In photocatalytic hydrogen production, Al-assisted models have been applied to predict electronic structures,
band-edge positions, charge-carrier dynamics, and photocatalytic activity. Machine-learning surrogate models
have accelerated the screening of metal oxides, perovskite-inspired compounds, and other semiconductor materials
for visible-light-driven water splitting. Similar approaches have been adopted for hydrogen-storage materials,
including metal hydrides and metal-organic frameworks, where graph-based learning algorithms are used to
predict adsorption behaviour and optimize storage performance.

One of the major challenges in catalytic research is the strong coupling between atomic-scale processes and
device-level performance. Artificial intelligence provides a powerful framework for connecting these different
length scales by integrating computational predictions, experimental observations, and process-level optimization.
Although experimental validation remains essential, the growing combination of machine learning, robotics, and
autonomous experimentation is steadily reducing the time required to identify and optimize promising catalytic
materials. From the studies analyzed in this mini-review, the integration of artificial intelligence, robotics, and
automated experimentation appears to be one of the most promising strategies for accelerating the development of
next-generation electrocatalysts and hydrogen-production technologies.

5.4. Other Functional Materials

The impact of artificial intelligence extends well beyond batteries, photovoltaics, and electrocatalysis. In
recent years, Al-assisted methodologies have been increasingly applied to thermoelectric materials, optoelectronic
systems, solid-state lighting technologies, sensors, and a variety of emerging functional materials relevant to
sustainable energy applications. These examples demonstrate that Al methodologies can be successfully
transferred across diverse classes of functional materials, highlighting their growing importance as a general
framework for accelerated materials discovery. In thermoelectric research, machine-learning models have been
widely employed to identify compounds that simultaneously exhibit high Seebeck coefficients, favourable
electrical conductivity, and low thermal conductivity. Such requirements are often difficult to optimize using
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conventional trial-and-error approaches because improvements in one property frequently lead to deterioration in
another. By screening large materials databases and learning complex relationships among composition, crystal
structure, and transport properties, Al-assisted workflows can rapidly prioritize promising candidates for further
investigation. Hybrid approaches that combine machine learning with first-principles calculations have further
accelerated the discovery of materials for waste-heat recovery and energy-conversion technologies.

Artificial intelligence is also becoming an important tool in optoelectronic materials research. Neural-network
models have been used to predict electronic structures, optical absorption characteristics, defect states, and charge-
transport behavior in semiconductor materials intended for light-emitting devices, photodetectors, and optical
communication systems. Graph-based learning approaches have contributed to the discovery of transparent conducting
oxides, phosphor materials, and advanced semiconductors with tailored optical properties. These capabilities are
particularly valuable for accelerating the development of next-generation lighting and photonic technologies.

Beyond these examples, Al methodologies are increasingly being transferred to other functional materials
systems, including supercapacitors, sensors, photocatalysts, and advanced electronic materials. Although the
scientific challenges differ among these fields, the underlying strategy remains similar: the integration of
experimental data, computational modelling, and machine-learning algorithms to accelerate the identification and
optimization of promising materials candidates. The growing transferability of Al approaches across different
research domains highlights their potential to serve as a unifying framework for future materials discovery and
engineering. To better illustrate the practical impact of artificial intelligence on energy materials research,
representative quantitative achievements reported in recent studies are summarized in Table 2. These examples
demonstrate that Al is not only improving predictive performance but is also reducing experimental costs,
shortening development cycles, accelerating screening processes, and enabling the exploration of previously
inaccessible regions of materials space.

Table 2. Representative quantitative achievements of Al in advanced energy materials research.

Area Al Method Ma te{gli/gse;s fem Key Result Main Significance Ref.
Demonstrates dramatic
Battery testin ML-guided closed- Fast-charging protocols  Testing time reduced from acceleration of experimental [30]
M g loop optimization for Li-ion batteries 500 days to 16 days optimization and battery
development cycles
g -
Organic battery ML-based virtual ! r_nllllon . Screening 'space. redugeq to Tllustrates efficient Al-assisted
. hypothetical organic 1524 candidates; prediction . . [31]
electrodes screening (SVR) 2 exploration of vast chemical spaces
electrode molecules accuracy R* = 0.88
Deep learning Sinele nanoparticle Required catalyst surface area Enacb;;sl egg?ggg;gggle?f;;gfm
Catalyst analysis coupled with el%: . trocatzri)l sts reduced by approximately three };:x tremely weak [22]
mass spectrometry y orders of magnitude . y W
experimental signals
. Deep-learning Segmentation accuracy > 91%; Demonstrates Al-assisted
C()Czai;iuscttslon semantic 1g?<:fcl)}sltsrtul;}$re optimal ionomer/carbon characterisation and [23]
y segmentation ratio ~ 0.2 microstructure optimization
Stable unique novel materials
Diffusion-based Inoreanic increased by more than twofold;  Strong evidence for inverse
MatterGen enerative Al Vs tallineg materials generated structures were over materials design through [34]
& Ty ten times closer to DFT ground- generative Al
state configurations.
Demonstrates Al applications
Circular Federated Retired Classification error beyond materials discovery, 35]
economy/recycling machine learning  battery classification reduced to 1-3% extending to lifecycle

management and sustainability

The quantitative examples summarized in Table 2 clearly demonstrate that artificial intelligence is no longer
limited to supporting materials analysis but has become an active driver of materials innovation. Across diverse
application domains, including batteries, electrocatalysis, photovoltaics, and recycling technologies, Al-based
approaches have consistently reduced experimental effort, accelerated candidate screening, and improved
decision-making efficiency.

One of the most significant developments identified in the literature is the transition from predictive Al
toward generative and autonomous materials discovery. While early machine-learning applications focused
primarily on property prediction and virtual screening, recent advances in diffusion-based generative models and
self-driving laboratories have enabled the autonomous generation, optimization, and validation of novel materials.
These developments indicate a clear shift from data-assisted research toward intelligence-driven materials innovation
and demonstrate that future progress will increasingly depend on the integration of advanced Al models, high-quality
materials databases, automated experimentation platforms, and domain-specific scientific knowledge.
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Based on the literature synthesized in this mini-review, the most significant contribution of artificial
intelligence extends beyond improvements in predictive accuracy. Its greatest strength lies in the integration of
computational modelling, materials design, autonomous experimentation, and scientific decision-making within
unified discovery workflows. The continued convergence of these technologies is expected to accelerate the
development of fully integrated Al-assisted materials discovery platforms and substantially shorten the innovation
cycle for next-generation sustainable energy materials.

6. Self-Driving Laboratories and Autonomous Discovery

One of the most significant developments at the intersection of artificial intelligence and materials science is
the emergence of self-driving laboratories (SDLs). These platforms integrate robotic synthesis, automated
characterisation, machine-learning algorithms, and adaptive decision-making into unified experimental workflows
capable of continuously planning, executing, and refining materials research with minimal human intervention.
Unlike conventional laboratory workflows, where researchers manually design and evaluate experiments, SDLs
continuously analyze incoming data and autonomously determine the most informative next steps. This capability
enables the rapid exploration of complex materials spaces while significantly reducing the time and resources
required for discovery and optimization [10—12].

The operating principle of a self-driving laboratory is based on closed-loop experimentation. Experimental
measurements are continuously integrated into predictive models, which are subsequently updated and used to
propose new experiments. Through repeated cycles of prediction, validation, and optimization, SDLs can
efficiently navigate multidimensional parameter spaces that would be difficult to explore using traditional
approaches. In catalyst development, battery optimization, and materials synthesis, such workflows have already
demonstrated substantial reductions in experimental effort while improving the probability of identifying high-
performance materials candidates [10-12]. Beyond accelerating experimental optimization, closed-loop
workflows also improve resource utilization by concentrating experimental effort on the most informative regions
of the design space, thereby reducing unnecessary experiments and associated costs.

Recent advances have further expanded the capabilities of autonomous research platforms through the
integration of large language models, multimodal artificial intelligence, and scientific reasoning systems.
Emerging Al-driven research environments are increasingly capable of combining information extracted from
scientific literature, computational simulations, experimental measurements, and materials databases within a
unified decision-making framework. Systems such as CRESt illustrate how language models can assist in
experiment planning, interpretation of scientific results, and coordination of complex research workflows
involving multiple data sources [25,43—45]. These developments move artificial intelligence beyond conventional
prediction tasks and toward active participation in scientific discovery. An emerging direction is the use of LLMs
as natural-language interfaces that translate researcher instructions into executable laboratory workflows, enabling
more intuitive interaction between scientists, autonomous instruments, and digital research infrastructures.

Another important advantage of self-driving laboratories is their ability to generate high-quality and
continuously expanding datasets. Each experimental iteration enriches the available knowledge base, allowing
predictive models to be continuously updated while simultaneously improving the efficiency and reliability of
subsequent experimental decisions. In this way, SDLs help address one of the most persistent limitations in
materials informatics, namely the shortage of reliable and standardized experimental data. The continuous
interaction between experimentation and machine learning creates a self-improving research cycle in which model
accuracy and experimental efficiency evolve simultaneously [46—48]. Despite their considerable promise, several
challenges remain before fully autonomous laboratories become widely adopted. Experimental uncertainty,
instrument variability, integration of heterogeneous data sources, and discrepancies between computational
predictions and real-world observations continue to complicate closed-loop optimization. Additional concerns
involve reproducibility, data governance, cybersecurity, and the transparency of Al-driven decision-making
processes. Recent studies have therefore emphasized the importance of robust data-management infrastructures,
secure communication protocols, and standardized experimental reporting frameworks for future autonomous
research ecosystems [10,15,26].

From a broader perspective, self-driving laboratories represent more than a technological upgrade of existing
research practices. They signal a transition toward a new model of scientific investigation in which artificial
intelligence, automation, and human expertise operate within tightly integrated discovery environments. As these
systems continue to mature, they are expected to accelerate the development of advanced energy materials while
simultaneously improving reproducibility, efficiency, and the overall pace of scientific innovation. Based on the
literature analyzed in this mini-review, the long-term impact of self-driving laboratories will extend beyond

14 of 22



Nematov et al. Al Energy Environ. 2026, 1(1), 3

experimental automation. Their continued integration with generative Al, foundation models, and multimodal
scientific agents is expected to establish adaptive research ecosystems capable of continuously generating, testing,
validating, and optimizing advanced energy materials with progressively less human intervention [10—12,40—42].

7. Challenges and Limitations

Despite the rapid advances achieved in Al-assisted materials research, several scientific, technical, and
infrastructural barriers continue to limit the broader adoption of these technologies. Although machine-learning
models have demonstrated impressive capabilities in materials screening, property prediction, inverse design, and
autonomous experimentation, their practical impact ultimately depends on data quality, model reliability,
computational efficiency, and successful experimental validation. Understanding these limitations is essential for
assessing the current state of the field and identifying priorities for future development. Figure 2 summarizes the
major challenges currently affecting Al-driven materials discovery and the emerging directions proposed to
address them.

AI-DRIVEN CLOSED-LOOP MATERIALS DISCOVERY ECOSYSTEM
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Figure 2. Major challenges and future directions for Al-assisted energy materials discovery and autonomous

research ecosystems.

As illustrated in Figure 2, the major challenges facing Al-assisted materials discovery are closely
interconnected. Progress in one area often depends on advances in several others. For example, improving model
reliability requires not only larger and higher-quality datasets but also more interpretable learning frameworks and
robust experimental validation. Similarly, reducing the gap between computational prediction and real-world
performance requires tighter integration between machine-learning models, advanced characterisation techniques,
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and autonomous laboratory platforms. Collectively, these developments are expected to support the transition
toward more adaptive, reliable, and increasingly autonomous materials discovery ecosystems.

One of the most persistent challenges is the availability and quality of materials data. Unlike fields such as
computer vision or natural language processing, materials science often suffers from relatively small, sparse,
heterogeneous, and biased datasets. Many potentially important compounds have never been synthesized,
characterized, or reported, creating large unexplored regions within chemical space. Furthermore, data collected
from different laboratories frequently differ in measurement protocols, experimental conditions, reporting
standards, and levels of uncertainty. Such inconsistencies can introduce significant biases into machine-learning
models and reduce their predictive reliability. Recent studies emphasize that the development of standardized,
FAIR-compliant databases and open experimental repositories will be crucial for improving model robustness and
reproducibility [5,33].

Another major limitation concerns the transferability and extrapolation capabilities of current Al models [17,27].
Most machine-learning algorithms perform well when predicting materials that are similar to those encountered
during training; however, their performance often deteriorates when applied to entirely new chemistries, novel
crystal structures, or unexplored compositional spaces. This limitation is particularly important in energy materials
research, where the ultimate objective is often to discover materials that do not yet exist in available databases.
Consequently, significant efforts are being devoted to the development of physics-informed machine learning, graph-
based representations, equivariant neural networks, and hybrid modelling frameworks that integrate scientific
knowledge with data-driven learning in order to improve generalization and extrapolative capabilities [17,27-31].
Model interpretability and scientific trustworthiness represent additional challenges. While deep neural networks,
transformer architectures, and ensemble learning methods frequently achieve superior predictive performance,
they often operate as complex black-box systems whose internal decision-making processes remain difficult to
interpret. In practical materials development, researchers must understand not only what prediction a model
generates but also why a particular material is predicted to exhibit favorable properties. The lack of interpretability
can hinder scientific insight, reduce user confidence, and limit industrial adoption. Various explainable Al
techniques, including feature attribution analysis, SHAP-based approaches, attention mechanisms, and physics-
guided constraints, have been proposed to address this issue, although a universally accepted solution has yet to
emerge [17,27].

A further concern relates to the computational and environmental costs associated with advanced Al
systems [10,34]. The training of large-scale deep-learning architectures, foundation models, and large language
models often requires substantial computational resources and energy consumption. Ironically, technologies
intended to accelerate the development of sustainable energy solutions may themselves contribute to increased
energy demand and carbon emissions if deployed without careful consideration of computational efficiency.
Consequently, the concept of “Green AI” has emerged as an important research direction focused on developing
energy-efficient algorithms, resource-aware model architectures, and sustainable computing infrastructures
capable of reducing the environmental footprint of Al-assisted materials research [10]. Future studies should also
consider quantitative measures of computational efficiency, including energy consumption, computational cost,
and carbon footprint, to ensure that Al-assisted materials discovery remains aligned with the broader objectives of
sustainable energy research.

Perhaps the most important practical challenge is the persistent gap between computational prediction and
experimental validation [5,10-12]. Numerous machine-learning studies have reported promising candidate
materials, yet only a relatively small fraction of these predictions have been successfully verified through synthesis
and laboratory testing. Real-world materials performance is influenced by numerous factors that are often
neglected in computational models, including impurities, synthesis pathways, processing conditions,
microstructural defects, degradation mechanisms, and scale-dependent effects. Bridging this reality gap requires
tighter integration between artificial intelligence, high-throughput experimentation, advanced characterisation
techniques, and autonomous laboratory platforms. The emergence of self-driving laboratories represents an
important step in this direction by enabling continuous feedback between prediction and experiment [5,12].

Beyond these technical limitations, the increasing integration of artificial intelligence into scientific
workflows raises broader questions concerning transparency, reproducibility, data governance, and human
oversight. As Al systems become more autonomous and capable of participating directly in scientific decision-
making, ensuring the reliability, accountability, and ethical deployment of these technologies will become
increasingly important. Future progress will therefore depend not only on algorithmic innovation but also on the
establishment of rigorous standards for data management, model validation, and responsible Al deployment within
the materials science community. Although Al has already demonstrated considerable value for accelerating
materials discovery and optimization, significant scientific and technological challenges remain. Addressing issues
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related to data quality, model generalization, interpretability, computational sustainability, and experimental
validation will be essential for translating computational predictions into practical technological advances.
Continued collaboration among materials scientists, chemists, physicists, computer scientists, and engineers will
play a central role in developing reliable and scalable Al-assisted research frameworks for next-generation
sustainable energy materials.

An important observation emerging from the reviewed literature is that many of the current limitations are
interconnected rather than independent. Improvements in data quality, model interpretability, and experimental
validation are likely to reinforce one another, suggesting that future progress will depend on coordinated advances
across the entire materials discovery ecosystem rather than on isolated methodological breakthroughs.

8. Future Perspectives

The future of artificial intelligence in energy materials research will likely be defined by the growing
integration of foundation models, generative Al, autonomous experimentation, and physics-informed learning
frameworks. While current Al systems primarily support materials screening, property prediction, and
optimization, future platforms are expected to integrate artificial intelligence with computational modelling
(including DFT calculations), experimental validation, and adaptive decision-making. Recent studies suggest that
the convergence of artificial intelligence, robotics, laboratory automation, computational materials modelling, and
digital research infrastructures may substantially accelerate materials innovation by enabling continuous feedback
between data generation, model development, DFT simulations, and experimental verification [3,5,10,12,46-52].

One of the most promising directions is the development of foundation models specifically designed for
materials science. Inspired by the success of large-scale language models, future materials foundation models may
be pretrained on enormous collections of scientific literature, crystallographic databases, computational
simulations, patents, and experimental records. Such systems could provide a universal knowledge backbone for
diverse downstream tasks, including property prediction, synthesis planning, defect engineering, degradation
analysis, and inverse materials design. In parallel, multimodal Al architectures capable of jointly processing text,
images, spectroscopy data, crystal structures, and experimental measurements are expected to significantly
enhance scientific reasoning and enable more comprehensive understanding of complex materials systems [3,27].

Another transformative opportunity lies in the emergence of autonomous scientific agents and self-driving
laboratories. Recent advances in large language models, Al agents, robotics, and automated experimentation
suggest that future materials laboratories may increasingly operate as closed-loop discovery systems. In such
environments, Al agents could autonomously formulate hypotheses, identify knowledge gaps, design
computational and experimental workflows, analyze results, and iteratively refine research strategies based on
newly generated data. Early demonstrations of Al-guided autonomous laboratories already indicate the feasibility
of this vision, particularly in catalysis, battery development, and functional materials optimization [5,12,28,53].
As these technologies mature, the distinction between computational prediction and experimental validation may
gradually diminish, enabling significantly faster innovation cycles.

Future progress will also depend on the integration of physical knowledge into machine-learning frameworks.
Although purely data-driven approaches have achieved remarkable predictive accuracy, their applicability is often
limited by poor extrapolation and insufficient physical interpretability. Consequently, physics-informed neural
networks, hybrid simulation-Al approaches, graph-based representations, and symmetry-aware architectures are
expected to play increasingly important roles in improving model reliability and scientific trustworthiness. Such
approaches may enable Al systems not only to identify correlations but also to capture underlying physical
mechanisms governing materials behaviour [17,27,54—57]. Another promising direction involves cross-domain
knowledge transfer, whereby models, descriptors, and feature representations developed for one class of energy
materials can be adapted to related materials systems with limited additional training. Such transfer-learning
strategies may substantially reduce data requirements and accelerate the development of Al models for emerging
materials with scarce experimental information.

At the same time, increasing attention is being directed toward explainable, trustworthy, and sustainable
artificial intelligence. As Al becomes more deeply integrated into scientific decision-making, researchers will require
transparent models capable of providing interpretable reasoning and rigorous uncertainty estimates. Furthermore, the
computational cost and environmental footprint of large-scale Al systems have emerged as important considerations.
Future research is therefore likely to emphasize Green Al strategies, including energy-efficient model architectures,
sustainable computing infrastructures, and lifecycle-aware optimization frameworks that simultaneously consider
materials performance, economic feasibility, recyclability, and environmental impact [5,16,34,58—62].
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Taken together, these developments suggest that artificial intelligence will increasingly become an integral
component of the scientific process rather than merely a supporting computational tool. The combination of
foundation models, generative design frameworks, autonomous laboratories, multimodal scientific agents, and
sustainability-aware optimization strategies has the potential to reshape how materials are conceived, evaluated,
and refined. Although significant scientific and technological challenges remain, the emerging convergence of these
capabilities may substantially shorten innovation cycles and improve the efficiency of developing advanced materials
for sustainable energy applications. In this context, Al is likely to play a central role in supporting future efforts
toward global decarbonization, energy security, and the transition to more sustainable technological systems.

Based on the trends identified across recent studies, the most influential developments over the coming decade
are likely to arise from the convergence of generative Al, autonomous experimentation, multimodal scientific agents,
and domain-specific foundation models. Rather than progressing as separate technologies, these approaches appear
to be evolving toward increasingly integrated research environments capable of supporting the entire materials
innovation cycle from initial concept generation to experimental validation and technological deployment.

9. Conclusions

Artificial intelligence has rapidly evolved into a key enabling technology for the discovery and optimization
of advanced energy materials. The studies synthesized in this mini-review demonstrate that machine learning, deep
learning, graph neural networks, generative Al, and large language models have substantially accelerated materials
screening, property prediction, inverse design, and autonomous experimentation across batteries, photovoltaics,
electrocatalysis, hydrogen technologies, and related energy applications. Representative studies reviewed in this
mini-review demonstrate substantial practical advances, including reductions in battery optimization time from
approximately 500 days to 16 days, prediction accuracies of up to R? = .88, automated characterisation accuracies
exceeding 91%, and generative Al systems that more than doubled the number of stable novel materials while
producing structures over ten times closer to DFT ground-state configurations.

The literature further indicates that the field is transitioning from data-driven prediction toward intelligence-
driven materials discovery. The integration of generative Al, foundation models, self-driving laboratories, and
physics-informed learning is enabling increasingly autonomous research workflows capable of continuously
generating, evaluating, and optimizing candidate materials. At the same time, significant challenges remain,
including limited availability of high-quality experimental data, restricted model generalization beyond known
chemical spaces, limited interpretability of advanced AI models, high computational requirements, and the
persistent gap between computational predictions and experimental validation.

Overall, the evidence reviewed in this mini-review suggests that future progress will depend less on
incremental improvements in individual algorithms and more on the effective integration of advanced Al models,
high-quality materials databases, autonomous experimentation, and domain knowledge within unified discovery
platforms. Continued advances in these directions are expected to accelerate the development and practical
implementation of next-generation sustainable energy materials while supporting global decarbonization, energy
security, and the transition toward cleaner energy technologies.
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Abbreviations

Abbreviation Definition

AFLOW Automatic Flow for Materials Discovery
Al Artificial Intelligence

BMS Battery Management System
CGCNN Crystal Graph Convolutional Neural Network
CNN Convolutional Neural Network
CO2 Carbon Dioxide

DFT Density Functional Theory

DL Deep Learning

FAIR Findable, Accessible, Interoperable, and Reusable
GAN Generative Adversarial Network
GBDT Gradient Boosting Decision Tree
GNN Graph Neural Network

HOR Hydrogen Oxidation Reaction
LLM Large Language Model

MD Molecular Dynamics

ML Machine Learning

MOF Metal-Organic Framework

MTL Multiscale Topological Learning
NLP Natural Language Processing
OQMD Open Quantum Materials Database
ORR Oxygen Reduction Reaction

PSC Perovskite Solar Cell

PV Photovoltaic

RF Random Forest

SDL Self-Driving Laboratory

SHAP Shapley Additive explanations
SVM Support Vector Machine

VAE Variational Autoencoder

XAI Explainable Artificial Intelligence
ELN Electronic Laboratory Notebook
EV Electric Vehicle
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