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1. Introduction

Over the past decade, artificial intelligence (AI) has made
remarkable advancements, impacting various sectors of society.
The term AI can be traced back to the Dartmouth Summer
Research Project on Artificial Intelligence in 1956 and the first
neural network (NN) was trained by Frank Rosenblatt in 1958.[1]

Over the years, the field has been through various epochs of

optimism followed by pessimism and less
interest in the field, when resources
vanished and progress grinded to a halt.

A pivotal moment in the field of AI
occurred with the application of NNs in the
ImageNet challenge.[2] ImageNet is a large
and tagged image dataset compiled by
Fei-Fei Li’s research group.[3] The large size
and variety of this dataset presented a suffi-
ciently challenging task for AI models. In
the 2012 competition, GeoffreyHinton’s team
achieved a significant breakthrough.[4] They
achieved higher precision than previously
observed, without the need formanual feature
engineering. This success was supported by
several key advancements. The architecture
employed was a convolutional NN (CNN),
which is well suited for image processing.
Additionally, the model was trained using
GPUs, which greatly enhanced computational
efficiency. The remarkable improvement in
results, along with other technological advan-
ces, revived interest in NNs.

The basic form and core functionality of NNs is making
predictions. Like in classical machine learning (ML) methods,
they can be trained on data to classify or predict quantities.
However, NNs are undergoing a fascinating revolution.
Making predictions is still the foundation, but this has led to
unexpected advances. The generative adversarial networks
(GANs) created by Ian Goodfellow[5] started generative AI and
new paradigm “learn how to teach a network to generate
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Materials science has traditionally relied on a combination of experimental
techniques and theoretical modeling to discover and develop new materials with
desired properties. However, these processes can be time-consuming, resource-
intensive, and often limited by the complexity of material systems. The advent of
artificial intelligence (AI), particularly machine learning, has revolutionized mate-
rials science by offering powerful tools to accelerate the discovery, design, and
characterization of novel materials. AI not only enhances the predictive modeling of
material properties but also streamlines data analysis in techniques like X-Ray
diffraction, Raman spectroscopy, scanning probe microscopy, and electron
microscopy. By leveraging large datasets, AI algorithms can identify patterns,
reduce noise, and predict material behavior with unprecedented accuracy. In this
review, recent advancements in AI applications across various domains of
materials science, including spectroscopy, synchrotron studies, scanning probe
and electron microscopies, metamaterials, atomistic modeling, molecular design,
and drug discovery, are highlighted. It is discussed how AI-driven methods are
reshaping the field, making material discovery more efficient, and paving the way
for breakthroughs in material design and real-time experimental analysis.
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images.”[5] They used two networks: a generator that created
images and a discriminator distinguishing between real and gen-
erated images. Trained together with the two networks compet-
ing, the generator learned to create images. The first examples
were blurry, ghost-like faces, but was only the starting point.
Generative AI has progressed rapidly, evolving from producing
small images to generate highly realistic ones. This progress
involved numerous iterations and innovations. After only 4 years,
the BigGAN network could generate images that humans strug-
gled to identify as machine generated.[6] Lately diffusion models,
also based on NNs, can generate increasingly complex scenes
and produce artistic images.

The advancement in AI is also a story about increasing
amount of computer power. Early AI efforts were limited by
the “slow” computers of the time, and while some researchers
hypothesized that greater computing power and larger datasets
would drive progress, this remained speculative. Since the advent
of AI, GPUs (originally developed for gaming) have become an
essential tool to speed up the training of NNs. Their ability to
perform parallel operations make them more efficient than
CPUs. Moreover, the introduction of the CUDA programming
language allowed developers to code directly on GPUs, which
played a pivotal role in the training of NNs with many free param-
eters. Over time, GPU processing power has significantly
advanced, with optimizations such as specialized numerical
types. The demand for powerful GPUs has surged as increas-
ingly larger models are trained, leading to exponential growth
in the processing power required and even rendering GPUs a
scarce resource in recent years.[7,8]

As an example, language models (like ChatGPT) have recently
gained popularity, leading to the development of numerous sim-
ilar models. Although natural language processing (NLP) is a
longstanding field, NNs now dominate, with recent advance-
ments building on transformer networks using attention mech-
anisms. These innovations have garnered significant attention,
with large language models (LLM) becoming closely associated
with AI. The results are impressive, with LLMs writing text, pro-
ducing summaries, and answering questions with an increas-
ingly sophisticated manner. The state-of-the-art models are
trained in large data centers, using 10s of thousands of high-
end GPUs, with costs in the tens of millions of dollars.

While large players dominate some subfields needing
enormous amounts of computing power, it is possible to perform
AI research with more modest resources. An important
contribution to lowering the barrier to entry was that Google
open-sourced TensorFlow in 2015,[9] followed by the release of
PyTorch from Meta in 2016.[10] Although there existed frame-
works for training NNs earlier, these mature frameworks make
applying NNs and building new methods much simpler.
Currently, PyTorch is dominating research, but Tensorflow
has advantages in large deployment and is also popular for its
simple Keras interfaces, which appeals to beginners. The open
availability of these tools has facilitated broader participation
in AI research, with major tech companies playing a key role
in advancing the field by open-sourcing their technologies.

The rapid advances in AI, both in theoretical research and its
application to consumer products, have garnered interest from
scientists across diverse disciplines. Researchers in fields such
as biology, optics, and astronomy have adopted AI methods, lead-
ing to a sharp rise in publications with “machine learning,” “AI,”
or “neural network” in their keywords (see Figure 1). Some out-
standing advances in a “scientific context” include the application
of AI in protein folding through models like AlphaFold,[11] which
has gained wide recognition, including a Nobel Prize in chemis-
try. The use of AI in astronomical research for the automated
detection and classification of celestial objects,[12,13] and the inte-
gration of AI-driven imaging techniques in medical diagnostics,
enables more accurate and efficient disease detection.[14,15]

Numerous conferences and workshops now focus specifically
on the integration of AI into various fields, as scientists explore
how best to use these powerful tools for advancing their research.

In material science, the development of new materials relied
on a combination of experimental methods and theoretical
models, often requiring iterative trial-and-error approaches to
optimize material properties. With the increasing complexity
of material systems, this process has become increasingly
inefficient, prompting a shift toward AI-driven methods that
can accelerate discovery and innovation. AI has facilitated the
development of predictive models that forecast material behavior
under different conditions, aiding in experimental design and
result interpretation.[16] This predictive power is expected to
improve the structural–functional correlations, leading to a more

Figure 1. (Left) Number of publications in the last 10 years including the keywords “Machine learning”þ “Materials” (violet), “AI”þ “Materials” (green),
and “Neural network”þ “Materials” (orange). (Right) Table of number of publications in the period 2024–2014. All the data included in the figure and
table are derived from Clarivate (Web of Science). © Clarivate 2024. All rights reserved.[310]
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cost-effective research cycle and automating materials discovery
and synthesis.[17,18] AI tools and deep learning (DL) models are
crucial for predicting molecular structures, optimizing fabrica-
tion processes, and simulating material behaviors. AI has been
applied to identify advanced materials for energy storage[19–21],
superconductors,[22] and thermoelectric.[23,24] Outstanding
research includes AI-based predictions of material properties
from chemical composition[25] and the use of unsupervised word
embeddings to extract insights from millions scientific abstracts
in materials science, physics, and chemistry.[26]

In this review, we explore the various ways AI is being applied
to advance materials science. We cover the use of AI in spectro-
scopic analysis, synchrotron facilities, electron microscopy (EM),
and scanning probe techniques, where it enhances real-time data
processing and analysis, allows autonomous acquisition, tip
preparation, among others. Additionally, we examine the role
of AI in metamaterial design, atomistic modeling, and drug dis-
covery, highlighting how AI-driven methods are solving long-
standing challenges in each area. Finally, we discuss the future
directions of AI in materials science, with a particular emphasis
on research initiatives like In situ Correlative Facility for
Advanced Energy Materials (InCAEM) project.[27] That is a col-
laborative project within the Spanish Advanced Materials
Programme, which is developing unique infrastructure to enable
the correlative use of (scanning) transmission electron micros-
copy ((S)TEM), scanning probe microscopy (SPM) (atomic force
microscopy (AFM)/scanning tunneling microscopy (STM)), and
synchrotron radiation techniques to address key scientific chal-
lenges aligned with the European Green Deal’s goal of fostering a
sustainable economy. In addition to instrumentation, InCAEM
will develop a robust computational infrastructure for automated
AI-based data analysis, essential for managing the large datasets
generated by in situ experiments. This integration will stream-
line experimental workflows, enhance data interpretation, and
accelerate scientific discovery, advancing our understanding of
materials for energy and environmental sustainability.

2. Applied-AI in Raman and Infrared
Spectroscopy

Spectroscopic methods, like infrared (IR) or Raman spectros-
copy, are fundamental tools in materials science for analyzing
the structure and composition of materials. These techniques
can generate large amounts of data, which often require exten-
sive analysis to extract meaningful information. Traditional
methods of data analysis can be time-consuming and may strug-
gle to identify subtle patterns or anomalies within large datasets.
For the case of Raman spectroscopy, the fitting of the modes can
bring very useful information about the system. The peak posi-
tion of the Raman band can be used as indicator of local strain,[28]

temperature,[29] or doping concentration,[30] the intensity ratio of
D and G bands (ID/IG) in carbon allotropes is commonly used as
an indicator of the purity[31] and its lineshape can be used to
determine average sheet size,[32] peak position and linewidth
can also provide information about phonon anharmonicity
and electron–phonon interactions,[33] among others. While the
fit of individual peaks is straightforward, this task can be more
challenging for the case of the analysis of a full Raman map

(or set of mapping), a time series measurement, or in situ experi-
ments. Moreover, if during these measurements the background
is changing with time, a pretreatment of the whole dataset must
be carried out before the traditional fitting.

Initially, chemometric methods were the key tools for data
analysis and interpretation in spectroscopy.[34] However, with
the arrival of AI and ML, the capabilities of data analysis have
been dramatically enhanced. This evolution has not only
improved the accuracy of spectroscopic investigation but has also
opened new possibilities for real-time, in situ, and predictive ana-
lytics. Chemometrics emerged in the 1960s as a multidisciplin-
ary field combining chemistry, mathematics, and statistics to
extract meaningful information from spectroscopic data.[35]

The main aim of chemometrics was to simplify complex spectral
data into more interpretable forms, allowing for the qualitative
and quantitative analysis of chemical compounds. Key chemo-
metric tools (which are also forms of ML) include principal com-
ponent analysis (PCA), partial least squares regression (PLS),
multivariable curve resolution (MCR), linear discriminant analy-
sis (LDA), k-nearest neighbor (KNN), and k-means. PCA is widely
used for reducing the dimensionality of complex spectroscopic
data by transforming variables into orthogonal components that
capture the maximum variance.[36–38] This unsupervised method
is commonly applied in fields such as pharmaceutical analy-
sis,[39,40] food authentication,[41–43] medical diagnostics,[44] and
material science[45] due to its simplicity and efficiency in han-
dling large datasets.

PLS addresses cases with more variables than observations,
frequently in IR and Raman spectroscopy, by finding latent var-
iables that explain both predictor (X ) and response (Y ) data, mak-
ing it ideal for quantitative analysis of complex mixtures.[46] MCR
is used to resolve overlapping spectral signals into pure compo-
nents.[47] LDA is also applied in dimensionality reduction and
classification, separating classes by maximizing intergroup vari-
ance and minimizing intragroup variance. KNN is used for clas-
sification and regression problems. KNN calculates the distance
between a data point and known samples to find the K closest
sample categories. On the other hand, k-means groups observa-
tions into k clusters with the nearest mean or centroid. K-means
selects k random centroids, assigns data points to the nearest,
updates centroids by averaging cluster points, and repeats until
assignments stabilize or the iteration limit is reached.[47]

Figure 2 shows a typical chemometric analysis of a photolu-
minescence (PL) map using k-means (a and b) and PCA
(c and d). The k-means analysis shows automatic clustering of
the PL signal, aiding researchers in faster signal analysis and
enabling automated examination of individual spectra.

While chemometrics provided foundational tools for the anal-
ysis of spectroscopic data, its capabilities are limited to manage
large and complex datasets generated by modern instruments
and the combinations of spectroscopic tools. These techniques
often required substantial domain expertise and manual inter-
vention for calibration and interpretation. In this context, the
AI appeared as powerful tool to help with the analysis of spectro-
scopic data. In spectroscopic analysis, ML and DL algorithms
have been mainly applied to denoise signal, classification tasks,
and prediction.

NNs, such as CNNs and encoder–decoder architectures, have
demonstrated great potential in removing noise from raw Raman
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and IR signals.[48–52] This is very useful in biological and chemi-
cal analysis, where the raw signal often contains a large amount
of noise from environmental sources or background from PL,
fluorescence, or plasmonic effects. By using these tools is possi-
ble to reconstruct and denoise the raw spectra without the need
for complex preprocessing techniques. Figure 3 presents an
example of this application for spectrum denoising. The input
consists of numerical spectra with 1–7 Gaussian peaks, varying
in linewidth and intensity. An arbitrary background (ranging
from constant to Gaussian-like) along with white noise was
added to create the noisy input signal. The NNs were trained
on this noisy data to produce a clean output. The bottom panel
compares the performance of two denoising architectures, dem-
onstrating the effectiveness of these small NNs in removing
noise from the data.

CNNs have also streamlined spectroscopic data analysis, auto-
matic tasks like peak detection, classification, and quantification.
For example, Lim et al.[53] demonstrated the fast detection and
classification of the microplastic (MPs) using Raman spectros-
copy and CNNs. Similarly, SpecATNet, a self-attention-based
NN architecture, was used to process thousands of spectra gen-
erated by surface enhanced Raman spectroscopy.[54] This NN was
able to identify and classify different MPs based on the Raman
signal. Through the incorporation of a self-attention mechanism,
the model focused on relevant aspects of the spectral data,
improving its ability to differentiate between various types of

MPs, even in the presence of noise or overlapping signals.
This automation reduced substantially the time and effort
required for manual analysis, making detection more efficient,
faster, and scalable. Recently, Yan et al. developed a fingerprint
region-based data augmentation (FRDA) model to improve the
classification of MPs using fourier transform infrared (FTIR)
data.[55] FRDA integrates explainable AI (XAI) with CNNs to
identify critical spectral regions (fingerprint regions) relevant
for classification. These regions are clustered using a
Gaussian mixture model (GMM) and recombined to generate
augmented samples, addressing data imbalance. The model
enhances classification accuracy, surpassing traditional augmen-
tation methods (support vector machines), while providing
insights into key spectral regions for MP identification. XAI
refers to methods and techniques in AI that make the
decision-making processes of ML models more transparent,
interpretable, and understandable to the users.[56,57] Unlike tra-
ditional “black-box” AI models, which often provide predictions
or outputs without explaining the reasoning behind them, XAI
aims to clarify how and why a model arrives at its conclusions.
Some XAI tools includes shapley additive explanations, local
interpretable model-agnostic explanations (LIME), class activa-
tion mapping, partial dependence plots (PDP), individual condi-
tional expectation (ICE), among others. They are used to make
ML models transparent and interpretable. In spectroscopy,
XAI identifies key spectral features, such as bands, peaks, or

Figure 2. Chemometric analysis of strain distribution of PL signal in suspended WS2 layers: a) k-mean clusters of PL signal and b) averaged spectra
and standard deviation of individual clusters (shadow areas). c) First and d) second PCA of the PL maps. Adapted with permission.[311] Copyright 2022,
AIP Publishing.
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linewidths, that influence AI-driven predictions, improving the
reliability and acceptance of these AI models.[56]

In another application, Yoo et al.[58] also applied XAI to study
phonon-assisted emission in tungsten diselenide (WSe2) mono-
layers, using CNNs trained on Raman scattering and PL data.
XAI techniques such as PDP and ICE revealed correlations
between specific Raman modes and exciton dynamics, identify-
ing the A1 mode as a critical factor. The same group used CNNs
and extreme gradient boosting to predict the carbon-to-oxygen
(C/O) ratio in graphene oxide (GO). The XAI techniques
(PDP and feature importance analysis) identifying the D*
Raman mode as a key indicator of GO reduction.[59] The results
were also validated through quantum mechanical simulations.

Other studies have applied ML to spectroscopic data for struc-
tural analysis. Solis-Fernandez and Ago[60] used several ML mod-
els to classify and predict the twist angle of a bilayer graphene
(BG) based on the intensity and linewidth 2D, G, R, and R 0

Raman modes. They achieved a predictive accuracy �99% using
random forest (RF) approach. In the same line, Vicent et al.[61]

used GMM and PCA to analyze Raman spectra and identify
regions with specific twist angles of BG (clustering and classifi-
cation). GMM was used for data clustering, while PCA helped
reduce the dimensionality of the data to make clustering more
efficient. Recently, Hu et al. used a combination of GAN and

CNNs to classify and predict twist angle of BG achieving an accu-
racy and recall of 99.9%.[62]

In another novel study, E. Chavez-Angel et al.[63] applied ML
(RF and KNN) to predict temperature distributions on poly
(methyl methacrylate) thin films using the temperature depen-
dence of FTIR spectra. The experiment consisted of two steps:
first, calibrating the FTIR signal of the polymer as a function
of temperature using a cryostat, and second, generating a tem-
perature distribution with a micrometer-scale metal heater. Once
calibrated, the FTIR signal was mapped across the surface to
monitor local temperature distributions, translating the FTIR
map into precise temperature measurements. By employing
ML, the study exploited not only individual FTIR peaks but also
the entire spectral range, enabling the FTIR spectra to function
as a highly effective local thermometer. This work highlights
the synergy between ML and FTIR spectroscopy for novel
applications.

Open-source tools further support AI-driven spectroscopy.
Recently, Georgiev et al.[64] introduced RamanSPy, an open-
source Python package designed for data analysis of Raman
spectra. It offers a suite of modular tools for data loading,
preprocessing, analysis, and visualization. RamanSPy aims to
facilitate reproducible research by enabling pipeline automation,
integration of custommethods, and access to curated datasets for
diverse applications such as medical diagnostics, materials sci-
ence, and environmental studies. Its flexible and user-friendly
architecture positions it as a robust platform for advancing AI-
driven Raman spectroscopy. Likewise, orange data mining[65–67]

developed by Bioinformatics Lab at University of Ljubljana,
Slovenia, provides an intuitive drag-and-drop platform for data
analysis tasks such as classification, clustering, and bioinformat-
ics. These tools enhance accessibility and facilitate advanced
ML-driven analysis in spectroscopy.

3. Applied-AI in Synchrotron Facilities

Synchrotron facilities are at the forefront of scientific research,
providing powerful beams lines from UV to IR and X-rays that
enable detailed exploration of the atomic and molecular struc-
tures of materials. These facilities are used across various fields,
including biology, materials science, chemistry, and physics.
However, with the increasing volume and complexity of the data
produced by synchrotron experiments, researchers are turning to
the application of AI to streamline data acquisition, processing,
and analysis, accelerating scientific discoveries.[68]

Synchrotrons offer unique opportunities for research but face
significant challenges. In advanced techniques like tomography,
spectroscopy, and diffraction, managing the volume and com-
plexity of the data generated during experiments can be difficult
and time-consuming. The analysis and processing also require
computational resources, and in some cases, real-time process-
ing. Given the limited availability and high demand for these
facilities, beamtime optimization is crucial. This emphasizes
the need to maximize experimental efficiency. The management,
storage, and sharing of the generated data present logistical and
technical challenges that must be addressed.[69,70] In this context,
AI-based tools have significantly contributed to the advancement

Figure 3. Example of some encoder–decoder architectures for denoising
of spectroscopic signal. Top: The NNs are feed using the noise data and
the output is a clean signal. Middle denoising performance of different
architectures, green line inputs, blue lines expected output, orange
reconstructed signal and red smoothed signal Bottom: examples of the
NN architectures.
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of synchrotron technologies in two main areas: 1) data analysis
and 2) real-time applications (see Figure 4).

3.1. Applied-AI in Data Analysis in Synchrotron Experiments

The capability of AI to identify complex patterns within massive
datasets is beneficial in fields such as X-Ray spectromicroscopy,
in which experiments often generate millions of spectra.[69] One
area where AI has made remarkable advances is the classification
of crystalline systems and space groups from X-Ray diffraction
(XRD) patterns. Traditionally, this process relies heavily on man-
ual trial-and-error operations, which are time-consuming and
error-prone. However, AI algorithms can learn from large data-
sets of simulated or experimental diffraction patterns and accu-
rately predict the symmetry and space group of a crystal.[71]

Suzuki et al.[72] used five ML algorithms to classify crystal system
and space group of powder XRD data. The extremely randomized
trees (ERT) model achieved a high classification accuracy 92.26%
for seven crystal systems and 230 space groups. The analysis of
the ERT model revealed interesting insights into the factors
influencing crystalline system classification. For example, the
model highlighted the importance of the number of diffraction
peaks and the positions of the lowest angle peaks as key indica-
tors of crystal symmetry. This finding is consistent with the intu-
ition of experienced crystallographers, who often rely on these
features to make initial estimates of crystal symmetry.

The reconstruction of synchrotron X-Ray tomography is
another popular application of AI. Despite that the mathematical
foundation of image reconstruction is well stablished, the devel-
opment of reconstruction algorithms is still a challenge due to
the inherent noise and imperfections in the measurement
data.[73] Image-to-image models based on CNNs and GANs have
been successfully applied in tomography reconstruction.[73,74]

Yang et al.[75] introduced a tomographic reconstruction method
using GAN to address challenges like missing-wedge data, which

cause distortions in traditional reconstructions. They created
GANrec algorithm which generates candidate reconstructions
from sinograms and refines them using a physics-based model,
eliminating the need for large training datasets. The method
showed superior accuracy, particularly with undersampled
data, and was validated with real-world tests on a zeolite particle,
delivering high-quality reconstructions suitable for quantitative
analysis (see Figure 4b).

X-ray tomography often produces noisy images due to low
dose or time constraints, particularly in dynamic processes.
Hendriksen et al.[76,77] developed Noise2Inverse algorithm to
obtain high-quality images based on noise images (see
Figure 4c). This method uses noisy data to train a CNN for
denoising across three domains: space (3D microtomography),
time (dynamic tomography), and spectrum (XRD computed
tomography [CT]). Other example for denoising is TomoGAN
developed by Liu et al.[78] They built a denoising algorithm based
on GAN to improve the quality of reconstructed X-Ray tomogra-
phy images taken at low-dose conditions. It is important to men-
tion the creation of TomoBank tomographic dataset designed by
De Carlos et al.[79] This dataset is a reference library of X-Ray
tomographic images. Other key problem in tomography is the
aligning of the projection images a crucial step before reconstruc-
tion. In this line, Yang et al.[80] introduced CNNs to calibrate the
center-of-rotation for X-Ray tomography. They developed Xlearn,
a Python toolbox library. Nowadays, this library goes beyond its
original aim (image classification and image transformation)
allowing correction of instrument and beam instability artifacts,
low-dose image enhancement, feature extraction, and segmenta-
tion.[81] Other example is the work of Liu et al.;[82] they developed
multiscale dense U-Net (MD U-Net) architecture to correct drift
artifacts.

An interesting application of AI is the creation of scientific
chatbots to “talk” with the experiments. In this context,
de Curtò et al.[83] used a methodology for the interpretation of

Figure 4. Summary of the main application of AI in synchrotron facilities. Data analysis: a) automatic classification, b) tomography reconstruction
(Adapted with permission[75]) Copyright 2020, Louise Jones, and c) denoising (Adapted with permission[76]) Copyright 2021, Springer Nature. Real-time
applications: d) on-the-fly analysis (Adapted with permission[89]) Copyright 2023, Louise Jones, e) autonomous experiments (Adapted with permission[91])
Copyright 2023, Louise Jones, f ) chatbot assistant, and g) autonomous alignment and management.
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X-Ray photoelectron spectroscopy (XPS) spectra using NLP with
LLMs. Typically used for text interpretation and generation,
LLMs were adapted to reinterpret spectra and provide accessible
descriptions for users, including those without specialized
knowledge. Trained on synthetic data simulating complex XPS
spectra, this approach effectively extracts meaningful features
and simplifies the interpretation process. The integration of
an LLM-informed strategy into the TANGO control[84] system
at CELLS ALBA Synchrotron marks a significant advancement
in synchrotron data analysis. It demonstrates the potential of
AI and ML to enhance scientific research, enabling more accu-
rate, efficient, and accessible experimentation and data analysis.

3.2. Applied-AI in Real-Time Applications in Synchrotron
Experiments

Real-time AI is transforming synchrotron experiments by
enabling instant data analysis, allowing for the adjustment of
experimental parameters. This optimization is essential for
improving experimental conditions and ensuring more reliable
results.[85] That is very useful in studies where samples can
change rapidly of degradation during the experiments. AI can
also help to enhance the temporal resolution of X-Ray CT scans,
allowing for the analysis of dynamic behaviors of materials under
varying conditions. Graas et al.[86] introduced a “just-in-time
learning” DL framework for real-time X-Ray CT, integrating
lightweight CNNs for real-time image denoising using self-
supervised Noise2Inverse learning.[77] Implemented within the
RECAST3D pipeline,[87] the final algorithm is able to reconstruct
and analyze images in milliseconds while training the model
online with spatiotemporally continuous data. The RECAST3D
is an open access visualization software able to produce real-time
reconstruction of images using traditional CT reconstruction
algorithms.[87] Arzola-Villegas et al. used CNN to segment wood
cell walls and air volumes in micro X-Ray CT images.[88] By
addressing the loss of intensity contrast between wood structure
materials, this CNNmethod overcome histogram-based segmen-
tation methods. An average intersection over union metric of
96% indicates high CNN segmentation accuracy. Moreover, they
showed that it is possible to visualize and analyze 3D cellular
structures like wood water expansion in real time. Fokin et al.
used U-Net[89] architectures to improve image quality and reduce
noise, facilitating the study of processes like precipitation in
porous media. They demonstrated the applicability of the trained
model for real-time experiment steering, particularly when
future time steps are unknown, and segmentation is required.
On-the-fly data segmentation was employed to identify regions
of interest for high-resolution (HR) scanning while continuously
scanning the sample at low resolution (see Figure 4d). Wang
et al.[90] presented a DL-based approach to study the dynamic
evolution of microstructure morphology during thin-sample
solidification using synchrotron X-Ray radiography. A light-
weight U-Net-based CNN, combined with a self-training strategy,
was developed for automatic segmentation of dendrites from
radiographic images. This method efficiently handles complex
and noisy datasets, enabling real-time, in situ determination of
the evolving specific interface area, which characterizes dendrite
morphology.

AI algorithms can enhance real-time performance during
material preparation and measurement processes (real-time
feedback). Using real-time X-Ray analysis, Pithan et al.[91] devel-
oped an ML-based closed-loop feedback system for autonomous
thin film and crystal growth. The system analyzed X-Ray reflec-
tometry and Bragg reflection data using 1D-CNN and multilayer
perceptron. MLmodels can extract parameters such as thickness,
density, and roughness of thin films with millisecond-scale anal-
ysis speed by embedding prior physical knowledge. Real-time
feedback allows a closed-loop system able to adjust experimental
conditions to stop the growth of the film at a given target thick-
ness (see Figure 4e). On other hand, Rebuffi et al. described AI-
driven systems capable of autonomously aligning complex X-Ray
mirror systems to achieve aberration-free X-Ray wave fronts[92,93]

and improve X-Ray beam alignment.[94] There is also an rein-
forcement learning initiative for autonomous accelerator com-
munity (RL4AA).[95] The aim of RL4AA is to consolidate the
reinforcement learning to maximize accelerator performance
without the continuous human intervention. This can reduce
downtime and enhance beam quality. In this context, Frank
Mayet introduced an AI assistant based on LLMs called the
“General AI Assistant for Intelligent Accelerator Operations
(GAIA).”[96] This assistant aims to provide operators with instant
access to a vast repository of documentation, operational logs,
and diagnostic information, facilitating problem resolution
and optimizing operational strategies.

4. Applied-AI in Scanning Probe Microscopy

SPM covers a variety of modes, each providing unique insights
into the properties of surfaces at the nanoscale. AFM, for
instance, reveals surface topography, mechanical properties,
and adhesion forces, while STM captures electronic structures
by measuring the local density of states. More specialized tech-
niques, such as magnetic force microscopy and Kelvin probe
force microscopy, allow for the investigation of magnetic
domains and surface potential variations, respectively. These dif-
ferent modes leverage distinct interactions between the probe
and sample, enabling comprehensive analysis of material prop-
erties like conductivity, elasticity, and chemical reactivity. As a
result, SPM has become a versatile tool in fields ranging from
materials science to biology and semiconductor research. In
recent years, the integration of AI into SPM has further revolu-
tionized nanoscale imaging and analysis.[97] A pioneering work
on the application of NNs to AFM was published by Bakucz
et al.[98] in 2008. They presented a NN model to quantify the
change of the AFM tip as a function of its use. Since these early
efforts, AI methods have adopted in different SPM applications
leading to advances in data analysis, reconstruction and tip
deconvolution, automatization of measurements, speeding the
scanning and improved precision in nanoscale imaging.

In automatization, Ziatdinov et al.[99] used Bayesian active
learning combined with Gaussian processes (GP) and deep ker-
nel learning for general applications in SPM. They used PFM to
demonstrate their Bayesian active learning framework. The
model was trained with a few randomly chosen measurements.
Then, it learned the connection between the structural features
seen in the PFM data and the physical property of interest, like
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the hysteresis loop area. This probabilistic model predicted mate-
rial properties at unmeasured points, estimating uncertainty
across the spatial domain. This AI-driven approach enabled
the automatic selection of measurement points, allowing for effi-
cient and targeted data acquisition, especially when probing large
datasets. On the other hand, Thomas et al. combined Gaussian
regression and CNNs to explore WS2 and Au{111} surfaces to
autonomously map spectroscopic data and identify surface
defects with high precision.[100] Both approaches not only
reduced the time required for data acquisition but also increased
reproducibility and allowed for real-time decision-making during
experiments. Sotres et al.[101] combined YOLOv3 and a Siamese
network to enable autonomous AFM scanning of single mole-
cules. YOLOv3 was used as detection model to identify and locate
DNA molecules in the images. It provides bounding boxes to
zoom in for HR imaging. However, the Siamese network was
used to track the same molecule across multiple images. It pre-
vents redundant imaging by distinguishing between previously
imaged molecules and new targets. The system was tested to run
autonomously for several days continuously, acquiring HR
images of single DNA molecules without user intervention.

For improve scanning speed, Kelley et al.[102] used a combina-
tion of spiral scanning, which is faster than traditional raster
scanning, with AI-driven image reconstruction methods to
obtain a full scanned image. High-quality reconstructed images
were obtained using a combination of compressive sensing and
GP regression algorithms. The team was able to reduce data col-
lection time by up to 5.8 times while maintaining less than 5%
error in the reconstructed images. Kim et al. used CNNs to trans-
form low-resolution (LR) AFM images into HR ones and accel-
erating acquisition. They used CNNs with a residual nonlocal
attention network architecture. The scanning time of the LR
images was approximately one-tenth of the HR one.

For the tip quality, Rashidi and Wolkov[103] applied several AI
algorithms to detect when the STM tip quality deteriorates by
analyzing surface images. The CNN was trained on images of
surface features to distinguish between a sharp tip and a
degraded one, often referred to as a “double tip.” When the
system detects a degraded tip, it initiates an in situ conditioning
routine to restore the sharpness of the tip. In the same line, Krull
et al.[104] used CNN classifiers to assess the STM tip conditions,
search for good sample regions, and check the quality of the
images.

Another important topic in SPM is the image reconstruction.
Similar to tomography reconstruction, the mathematical founda-
tions are well known.[105] But the implementation of these
algorithms on real images faces challenges due to unavoidable
experimental noise and tip imperfections. In this context,
Bonagiri et al.[106] showed an encoder–decoder algorithm to
deconvolute the AFM tip in topographic images and recover
the intrinsic surface profile. The algorithm was trained using
synthetic tip-convoluted images as input and deconvoluted
images as output. Kocur et al.[107] used CNNs with ResU-Net
architecture to correct AFM image artifacts. The model was
trained using just synthetic data that mimic real sample struc-
tures and adding simulated artifacts and noise, reflecting com-
mon AFM image distortions like tip dilation and shadow
artifacts. More advanced reconstruction was carried out by
Chen et al.[108] They combined multiview AFM images with

NNs to obtain 3D reconstruction of the samples. The multiview
consisted into capture several AFM images by rotating the
sample and captured multiple images from different angles.
They then used NNs to analyze and combine these multiple
images, eliminating the distortions and creating a highly accu-
rate 3D model of the surface sample. Figure 5 shows a summary
of Chen’s works highlighting all the steps used to obtain 3D
reconstructed images.

Finally, a very time-consuming task is the image classification.
In this regard, Sokolov[109] presented a very detailed perspective
article that explored the integration of ML techniques with AFM
image analysis to enhance classification and characterization of
sample surfaces. This perspective focused on non-DL methods
like decision trees and regression algorithms, which are more
suitable for the limited datasets typical of AFM. The proposed
ML framework enables efficient and statistically robust classifi-
cation of sample surfaces by leveraging the multidimensional
data captured by AFM, such as height, adhesion, and mechanical
properties. A key example includes identifying cell phenotypes in
cancer research, demonstrating the versatility of the approach.
The observations in this perspective, particularly the methodolo-
gies for analyzing biological cell surfaces, can be effectively trans-
lated to materials science for characterizing surface properties,
textures, and structural variations in a wide range of material
systems. Carracedo-Cosme et al.[110] used CNN and variational
autoencoder (VAE) networks to classify complex molecules
and create synthetic AFM images, respectively. The authors cre-
ated a theoretical AFM image dataset (SPMTH-60) by simulating
constant-height AFM images. They used a set of 60 quasiplanar
organic molecules. Then later, a synthetic dataset was generated
using a VAE, which produced images closely resembling experi-
mental AFM data. The inclusion of these VAE-generated images
to the SPMTH-60 significantly enhanced the ability of the model
to classify real AFM images. The same group also demonstrated
the integration of HR AFM (HR-AFM) with DL techniques for
the molecular identification of organic compounds.[111] They
used a combination of CNNs and recurrent neural networks
(RNNs) to translate HR-AFM images into the International
Union of Pure and Applied Chemistry (IUPAC) names of mol-
ecules. The framework involves a two-step process: the first net-
work identifies molecular attributes (e.g., functional groups) and
the second network predicts the IUPAC nomenclature. Training
was conducted using a massive dataset of simulated AFM images
(QUAM-AFM) to ensure the robustness of the model. QUAM-
AFM dataset consists of 165 million simulated AFM images gen-
erated from 686 000 molecules. These images were created using
240 different combinations of operational parameters, such as
tip-sample distance and cantilever oscillation amplitude, result-
ing in a rich and diverse training dataset for the DL models. The
model achieves significant accuracy, with 95% precision in attri-
bute detection and exact molecular name predictions in 43% of
cases, outperforming traditional spectroscopic methods for
structural and compositional analysis. This innovation expands
the capabilities of AFM, making it a powerful tool for applica-
tions in nanotechnology, catalysis, and molecular synthesis.
Farley et al.[112] used CNNs to improve image segmentation of
AFM images. They studied 2D assemblies of gold nanoparticles
formed through solvent dewetting on silicon substrates.
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5. Applied-AI in EM

The integration of AI into (S)TEM has advanced image analysis,
reduced acquisition time, and accelerated the processing speed,
hardware synchronization, enhancing nanocharacterization.[113–116]

AI models based on deep CNNs (e.g., Noise2Inverse,[77]

Noise2Void[117]), encoder–decoder,[118,119] and GANs (e.g., Noise-
2Atom,[120] CycleGAN[121,122]) architectures have improved denois-
ing, segmentation, and classification, even in the absence of train-
ing datasets. Among these architectures, GANs represented to
most popular approach, reaching beyond denoising and extend-
ing even to training dataset generation for supervised approaches
(see Figure 6a). Supervised data analysis routines have demon-
strated robustness and versability to adapt to multiple applica-
tions such as phase reconstruction from single micrographs,
atom identification, and tomogram reconstruction.[123–126] The
integration of AI into EM has transformed data acquisition by
reducing electron dose and minimizing acquisition time.[127,128]

The use of compressed sensing algorithms and nonrectangular
scanning paths has enabled gentler imaging of electron-beam-
sensitive materials, with the potential to become a standard
low-dose strategy.[129,130]

Moreover, recent advances in 4D-STEM and ptychography
have opened new routes for HR imaging and phase
object reconstruction.[131–134] Unsupervised and DL models
have been used to reconstruct phase images from 4D-STEM data
to gain atomic-scale nanomaterial structural information
(see Figure 6b).[135–137] Now, high-dimensional data include

tomography reconstructions of complex spectroscopy cubes
(energy-dispersive X-Ray and electron energy loss spectroscopy)
and 4D-STEM tomography, facilitated by big data handling and
compressed sensing techniques (see Figure 6c).[138,139] As AI
evolves, its integration with EM is expected to drive more sophis-
ticated, high-dimensional analysis, such as 4D-STEM tomogra-
phy combined with spectroscopy. AI has shown promise in
improving 3D reconstructions, particularly for low-Z elements
under low-dose conditions.[140] Algorithms like GANs and varia-
tional autoencoders have the potential to replace traditional mod-
els in tasks like denoising and spectral unmixing.[141,142] These
algorithms are self-reliant, requiring only the data being ana-
lyzed, and are poised to become key tools for data engineering
and training (see Figure 6d).[143,144]

AI has automated key aspects of EM reducing manual
intervention and increasing throughput. Techniques like
adaptive learning and reinforcement learning have optimized
sparse scan paths and data collection.[145,146] Recent advances
aim to fully control microscope optics with AI, treating lenses
as trainable parameters to adapt to experimental needs and
integrate custom components.[147–149] Automation in data
acquisition and analysis is essential in EM[150,151], but the
“human-in-the-loop” approach has gained prominence, combin-
ing AI with human expertise to improve tasks like semantic
segmentation and dimensionality reduction, enhancing accuracy
and reliability.[152]

Involving a trained microscopist or material scientist introdu-
ces valuable quality checkpoints in the process. First, modular

Figure 5. Application of AI in multiview AFM images to obtain 3D reconstruction: a) sample fabrication and multiview AFM scanning; b) multiview raw
data (top) and data treatment (bottom); c) schematic representation of the data treatment (mask); and d) NNs analysis to reconstruct the 3D image.
Reproduced with permission[108] Copyright 2024, Springer Nature.
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routines can combine automated and manual steps, reducing the
need for time-consuming dataset generation while optimizing
the balance between model preparation and experiment time.
Second, even in fully automated workflows, human oversight
ensures the validation of intermediate AI outputs, leading to
more reliable, artifact-free results.[153,154] Finally, human involve-
ment adds a control layer, aligning AI deployment with ALTAI
principles,[155] enhancing safety, and minimizing risks. The
synergy between AI and EM has not only expanded existing capa-
bilities but also unlocked new possibilities in materials character-
ization, driving innovations across fields such as materials
science and structural biology while maximizing experimental
throughput.

6. Applied-AI in Material Design and Property
Prediction

Recent advancements in AI have improved material property
prediction and design. Platforms like DeepMind’s AlphaFold,
originally developed for protein structure prediction,[11]

have been extended to predict material interactions at the atomic
level.[156] Although AlphaFold is mainly applied in fields like
drug discovery, proteomics, and disease understanding, it

has been also used to study biodegradable polymers.[157,158]

Similarly, from DeepMind labs, Merchant et al.[159] have devel-
oped graph NNs (GNNs) for material properties prediction.
They introduced graph networks for materials exploration, a
system that uses advanced graph models and iterative active
learning to expand the database of stable materials. By integrat-
ing computational methods like density functional theory (DFT)
and ML, the authors predicted over 2.2 million stable inorganic
crystal structures, a tenfold increase compared to previous
datasets. These discoveries include new layered materials, solid
electrolytes, and battery materials.

Collaborative platforms such as open catalyst uses DL to inves-
tigate catalytic reaction mechanisms.[160,161] Founded by Meta’s
Fundamental AI Research (FAIR) group and Carnegie Mellon
University (CMU), the platform offers a dataset comprising
�1.3 million molecular relaxations and over 260 million DFT
calculations to support ML training.[162] It also provides a central-
ized repository on the Fairchem github,[163] containing datasets,
models, demos, and resources for applications in materials
science and quantum chemistry. Additionally, open catalyst
offers training and evaluation tools for models capable of predict-
ing properties such as energies, forces, positions, and stresses
from arbitrary chemical structures, serving as a foundational
framework for research projects.

Figure 6. Examples of applied AI in electron microscopy. a) GANs can be used to generate training datasets to train robust DL models such as CNNs for
single-atom defects detection. Reprinted with permission from permission.[121] Copyright 2023, Springer Nature, b) Unsupervised ML is a flexible choice
for handling high-dimensional data such as 4D-STEM datasets. Among others, these models can be used first to reduce dimensionality and then to cluster
the outputs into differences in crystallinity within the sample. Reprinted with permission.[135] Copyright 2024, Springer Nature, c) Data-driven approaches
to handle 4D-STEM-related 3D tomography reconstructions and general high-dimensional datasets. Reprinted with permission.[138] Copyright 2024,
American Chemical Society, d) Encoder–decoder convolutional variational autoencoders are flexible tools to work in an unsupervised manner but also
to detect anomalies in single images after appropriate training. Reprinted with permission.[143] Copyright 2023, John Wiley and Sons.
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Similar efforts were also created by FAIR and Georgia Tech to
develop OpenDAC dataset focused to material discovery for
direct air capture (DAC) of carbon dioxide through metal–
organic frameworks (MOFs).[164] The dataset includes over
176 000 adsorption energies and �38 million single-point
DFT calculations for CO2, H2O, and their mixtures on around
8000 MOFs. This large dataset enables the exploration of
adsorption properties under practical conditions, including the
effects of competitive water adsorption and material defects.
Several scripts and the dataset are available from Fairchem
repository.[163]

More recent developments include CrystaLLM, a novel frame-
work that uses LLMs trained on millions of crystallographic
information files to generate plausible crystal structures.[165]

Unlike traditional graph-based approaches, CrystaLLM uses
text-based representations and autoregressive modeling to
predict and explore inorganic structures. It outperforms other
ML-based generative models in benchmarks for crystal structure
prediction, enabling the discovery of 102 novel materials, includ-
ing three thermodynamically stable ones. CrystaLLM offers an
accessible web platform at https://crystallm.com, making it a
valuable tool for materials exploration and accelerating
discoveries in materials science. Another LLMs-based framework
was recently presented by Bran et al.[166] They introduced
ChemCrow, an AI-driven platform that integrates GPT-4-based
LLMs for complex chemistry tasks, including organic synthesis,
drug discovery, and materials design. The system allows both
chemists and nonexperts to automate workflows through natural
language prompts.

Others tools like MatBench Discovery (https://matbench-
discovery.materialsproject.org/)[167] and JARVIS (https://jarvis.nist.-
gov/)[168] integrate vast material datasets and high-performance ML
models to predict key properties such as elasticity, bandgap, and
thermal conductivity, providing critical insights for electronic and
energy materials.

6.1. Applied-AI in Multiphysics Modeling: Metamaterials

Metamaterials offer a unique platform for implementing com-
pactness, high-speed, and lower power consumption devices.
As such, there is a lot of effort being put recently into proposing
them in new applications, especially in cooperation with AI.
Metamaterials or metastructures are artificially engineered com-
pounds with unique properties that are not found naturally in
materials. From the Greek prefix “Meta” (meaning “after” or
“beyond”), the subfield aims to push normal materials beyond
than their regular features. As such, the design of metamaterials
plays a big role in the final functionality. The design of metama-
terials typically involves arranging of micro/nanostructures in a
precise configuration to achieve a desired response.[169,170] In
general, the periodicity and geometry of these elements dictate
the properties of the metamaterial, allowing for tailored control
over parameters such as permittivity, permeability, and chirality
for the case of electromagnetic metamaterials. Although so far
this designing has been carried out via trial-and-error, some a
priori knowledge or even intuition, current develops in AI have
allowed to accelerate this design beyond normal human
capabilities.[171,172]

While metamaterials are predominantly associated with elec-
tromagnetic applications, their unique properties and design
principles have found relevance in various other fields beyond
electromagnetics. One such area is acoustics, where acoustic
metamaterials (or phononic crystals) have been developed to
manipulate sound waves in unconventional ways. These struc-
tures have been used to control the propagation of sound,
enabling applications such as sound insulation, noise cancella-
tion, and acoustic cloaking. By leveraging the principles of nega-
tive density and negative bulk modulus, acoustic metamaterials
can bend, focus, or redirect sound waves, leading to innovations
in ultrasound imaging, acoustic lenses, and vibration damping
systems.[173–179]

In the realm of mechanics, mechanical metamaterials often
possess unusual mechanical behaviors, such as negative
Poisson’s ratio, negative stiffness, or extreme lightweightness
and high-strength materials.[180–183] Mechanical metamaterials
have shown promise in applications such as shock absorption,
vibration damping, and impact resistance, with potential
applications in aerospace, automotive, and protective gear
industries.[184–187]

Additionally, thermal metamaterials have gained attention for
their ability to control the flow of heat at the nanoscale. By manip-
ulating the thermal conductivity and heat capacity of materials
through subwavelength structuring, thermal metamaterials
can achieve functionalities such as thermal cloaking, thermal
rectification, and thermal camouflage.[188–193] These materials
hold potential for applications in thermal management, energy
harvesting, and thermal insulation, offering solutions to chal-
lenges in electronics cooling, solar energy conversion, and build-
ing insulation.[194–198] Furthermore, metamaterial-inspired
concepts have been explored in fields such as optics, fluid
dynamics, and even robotics.[199–202]

When it comes down to modeling metamaterials, their com-
plexity can be averaged out by defining only some effective
parameters as key ingredients of the system. However, in most
of cases, the complicated physical phenomena that describe
“on-matter” interaction (where the term “on” refers to photon,
phonon, magnon, electron, etc.) cannot be described by a gener-
alized theory. Furthermore, when trying to calculate general
spectral responses associated with very complex geometries,
which is usually the case, no analytical solution is known. So,
approximations become necessary, usually based on predictions
from advanced iterative calculations. These types of calculations
are typically carried out via numerical methods, provided by
finite-difference time-domain (FDTD) or finite element
methods (FEM) to solve Maxwell or continuum elastic equations
iteratively. Other quantum effects can also be added to the
calculations.

In electromagnetic metamaterials, researchers typically build
a 2D extended version of some unit cell, which is then called a
“metasurface.” Typical efforts are focused on obtaining a struc-
ture with tailored optical properties, such as a given reflection,
absorption, or transmission spectrum. Deep theoretical aspects
of these metamaterials have been extensively reviewed in several
papers, to which we refer the reader to the works of Kadic et al.
for 3D metamaterials[203] and Holloway et al. for 2D metasurfa-
ces.[204] A key challenge lies efficiently simulating physical laws
and predicting material behavior of these metamaterials.
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Recently, AI has emerged as powerful tools for modeling com-
plex relationships, expanding possibilities for prediction, design,
and exploration of metamaterials. AI approaches to metamateri-
als can be categorized into various ways, such as by network
architecture, material science subfield, or prediction efficiency.
Here, we focus on forward and inverse design. Forward design
optimizes structures based on given geometrical parameters,
while inverse design models work backward from desired out-
comes, such as optical spectra, to identify optimal initial geome-
tries. Some early examples of forward design include the use of

CNNs for designing a polarization-insensitive plasmonic
metasurface with 90% absorption[205] and optimizing photonic
crystals to maximize the quality factor.[206]

Inverse design approached the problem from the opposite
direction, i.e., after the metamaterials is constructed. It uses
the geometry and the electromagnetic (acoustic, phononic,
etc.) spectrum as input for the algorithm (descriptors). A large
dataset of geometries and spectra, typically generated via FEM
or FDTD simulations, is used to train the model (see
Figure 7a). The goal is to enable the algorithm to identify the

Figure 7. Examples of applied AI in the design of metamaterials. a) Typical workflow for training an AI model using data generated by FEM/FDTD software.
b–d) Electromagnetic metamaterials: Top row shows unit cells of several cases, where the topmost unit, termed the “resonator,” is allowed to vary in shape
in (c,d) to optimize the desired spectra, while other geometrical aspects remain fixed. Bottom row compares FEM simulated spectra (lines) with
AI-predicted spectra (symbols). Panel (b) is a chiral metamaterial consisting of two stacked gold split ring resonators (50� 200 nm) twisted at a certain
angle and separated by two spacing dielectric (n= 2) layers with a continuous gold reflector at the bottom.[210] Reprinted with permission.[210] Copyright
2018, American Chemical Society, Panel (c) is a gold resonator (50 nm thick) on a glass substrate.[212] Reprinted with permission.[212] Copyright 2018,
American Chemical Society. Panel (d) is a gold resonator (50 nm thick) on a dielectric (n= 2) substrate, both on top of a gold reflector below.[213]

Reproduced with permission.[213] Copyright 2024, John Wiley and Sons. e) Mechanical metamaterial: A printed sample, based on the optimal design
predicted by the generative ML pipeline, subjected to compressive loading. Right: A comparison of the target (black) and measured (red) compressive
stress–strain curves, with the blue shaded area indicating uncertainty due to process variability frommultiple sample test.[226] Reproduced with permission
from ref. [226] Copyright 2023, Springer Nature, f ) Phononic metamaterial: Transmission coefficients of the designed 1D-PnCs with eight periods and a
two-parameter design (shear modulus ratio and mass density ratio). The gray areas represent the domains of the target bandgaps, whereas the lines
represent inverse design supervised NN (S-NN) and unsupervised NN (U-NN).[227] Reproduced with permission.[227] Copyright 2019, AIP Publishing.
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optimal geometry and material for a desired property, such as
specific resonances or broadband efficiency. The predicted geom-
etry is then fabricated, often showing strong alignment with the
expected optical behavior. Despite the absence of a unified theory
for metamaterial design and the computational costs of FEM/
FDTD methods, these simulations still remain the most reliable
means of generating training data for AI algorithms.[207,208]

Early works on the inverse design of plasmonic[209] and chiral
metamaterials[210] using AI focused on a one-to-one bidirectional
mapping between structural parameters and optical response
(see Figure 7b). However, this approach may be seen limited,
as different metamaterial structures can produce identical
responses, challenging the uniqueness of the mapping. Such
inconsistency could be treated with a forward modeling/inverse
design tandem architecture.[211] Newer probabilistic graphic
models have shown improvement in the previous issues,
allowing to describe any random geometry beyond fixed param-
eterization.[212,213] Both inverse DL[212] and a deep generative for-
ward–inverse[213] models have successfully designed optimal
metamaterials, as shown in Figure 7c,d, respectively. The first
model employed a GAN trained on 6500 simulations, using a
pretrained simulator to ensure inversed design. The second
model uses 10 000 numerically generated metamaterial patterns
and spectra, represented as 2D images, introducing latent vari-
ables through VAE structure to probabilistically represent meta-
materials designs. These approaches keep several aspects of the
material composition fixed and request the algorithm to deter-
mine the optimal configuration. CNNs have also been used
for inverse design, where 25 000 FDTD-generated spectra were
used as training for randomly assigned geometrical parame-
ters.[214] The first application of a conditional deep convolutional
GAN demonstrated the ability to generate novel designs for
desired optical spectra, even without prior exposure to those
spectra during training.[215] Recent advancements have intro-
duced forward/inverse methods for characterizing chiral plas-
monic metamaterials using AI. Examples include multitask
joint learning in yin-yang-shaped Au nanoparticles for biosens-
ing, eliminating the need for auxiliary networks for stabiliza-
tion.[216] An accelerated deep NN decreases training speed and
improves performance in orthogonal Au nanorods[217] and
dagger-shaped Ag arrays.[218] Remarkably, similar devices made
of silicon nanopillars-based metasurfaces are now used as object
classifiers through NN accelerators.[219,220] Additionally, topology
optimization has been incorporated into inverse design[221] to
meet specific topological objectives, as shown in studies on meta-
gratings[222] and thermal-emitter metamaterials.[223]

Inverse design using FEM simulations and AI has also made
significant progresses in other metamaterials field. Mechanical
metamaterials, such as auxetic structures with a negative
Poisson’s ratio, have been proposed through DL, with honey-
comb lattice arrangements identified as optimal geometry.[224]

Accelerated design approaches have enabled the development
of these materials.[225] Moreover, recent advances in projection
microstereolithography and NN optimization have facilitated
the testing of various uniaxial compressive stress–strain curves
for 3D-printed polymeric materials (see Figure 7e).[226] Phononic
crystals (PnCs), periodic structures that canmodify sound, acous-
tic or elastic waves, have also benefited from inverse design
efforts. Specifically, phononic metamaterials, a subset of PnCs

that are locally resonant, have seen notable progress through
FEM and DL techniques. For example, a 1D PnC designed with
NNs showed high consistency with target bandgaps (see
Figure 7f ),[227] while an image-based FEM and DL study mapped
topological structures to predict bandgaps in phononic crystal
representative volume elements.[228]

6.2. Applied-AI in Atomistic Modeling

The equilibrium electronic properties of materials are essential
for understanding their response to external electromagnetic
fields, which is crucial for efficient device engineering and mate-
rials discovery. The complexity in modeling arises from the need
to account for many-body interactions in systems where the
number of electrons easily surpasses Avogadro’s number.
Current state-of-the-art methods rely heavily on DFT[229], where
the energy is minimized as a function of electron density instead
of solving the full Schrödinger equation, with exchange–
correlation interactions incorporated self-consistently. This
approach leads to the Kohn–Sham (KS) equations,[230] which
describe the electronic properties using single-particle KS orbi-
tals. However, determining electronic properties using DFT
remains computationally expensive due to its cubic scaling with
the number of orbitals, limiting its applicability to large-scale
systems. Consequently, semiempirical methods such as the
tight-binding approximation (TBA) and k⋅p models are often
parameterized via DFT calculations and subsequently used in
multiscale simulations. In TBA, atoms are modeled using a local-
ized basis around atomic centers, which allows for the computa-
tion of the Hamiltonian matrix elements. This approach enables
solving the Schrödinger or KS equations to obtain the spectrum
and wavefunctions of the system. The diagonal elements of the
Hamiltonian, or onsite energies, are related to the electronic
work function, while the off-diagonal elements, known as hop-
ping integrals, represent the energy required for an electron to
move to a neighboring orbital.[231]

TBA offers the advantage of enforcing zero hopping integrals
beyond a cutoff radius, allowing efficient use of sparse matrices
for simulating macroscopic materials. While local functions like
Gaussian or Wannier orbitals can be used,[232,233] many DFT
implementations (e.g., SIESTA) employ TBA through a linear
combination of atomic orbitals (LCAO) as a basis,[234] building
on the foundational work of Slater and Koster for describing
interactions in crystals.[235] LCAO provides a direct link between
the simulation and the chemistry of the system, but it presents
challenges due to the need to compute integrals over all orbitals.
It increases the number of hopping terms, particularly in aperi-
odic systems where Bloch’s theorem cannot be applied. LCAO
basis sets are nonorthogonal, meaning interactions between
two atoms depend not only on their pairwise relationship but also
on their surrounding environment. To a first approximation, this
environmental dependence can be accounted for by the inclusion
of three-center integrals, a procedure that is computationally
expensive. However, recent advancements have addressed this
challenge. Garrity and Choudhary integrated both two-body
and three-body effective interaction terms into the TBA using
a combination of high-throughput calculations and ML.[236]

Their model captured local atomic environments in the
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Hamiltonian matrix elements, making it applicable across
diverse crystal structures. Fitted to a large DFT database and
improved through active learning, this approach demonstrated
that parameters from training sets could be applied to novel crys-
tal structures with high accuracy and minimal computational
cost, emphasizing the critical role of atomic environments in
electronic modeling.

Artificial NNs have emerged as a powerful tool in to aid the
simulations, bridging the gap between the accuracy of DFT
and the efficiency of TBA. In this sense, with a proper dataset,
NNs enable chemically and structure-aware parameterizations,
making it possible to infer material properties from chemical
formulas or atomic structures,[237] opening a door for modeling
previously intractable disordered systems such as polycrystalline,
amorphous materials, quasicrystals, and moiré structures, where
spatial orientation and interactions deviate from crystalline
symmetry, rendering standard DFT methods computationally
infeasible.[238,239]

GNNs are designed to operate on graph-structure data, where
nodes correspond to entities (e.g., atoms) and edges represent
relationships (e.g., bonds). GNNs iteratively update node features
based on its neighbors, capturing both local and global structures
as shown in Figure 8. This message-passing mechanism allows
GNNs to learn complex patterns that are not easily captured by
traditional models, making them particularly useful for applica-
tions like predicting material properties, molecular dynamics,
and other scenarios where the data are inherently graph-
based.[240,241] In material science, GNNs can model the intricate
atomic interactions within crystals, capturing the essential sym-
metries and handling disordered systems like amorphous or
polycrystalline systems. Early models, such as the crystal graph
CNN (CGCNN),[242] represent atoms as nodes and bond as edges.
CGCNN uses convolutional layers to aggregate information from
the neighboring atoms, learning atomic features and interaction
directly from the graph. This approach eliminates the need of

manually engineered features and enables accurate prediction
of materials properties, such as formation energy and bandgaps.
Although CGCNN achieved high accuracy in predicting these
properties, its dependence on interatomic distances limits its
capacity to fully capturemany-body interactions, which are essen-
tial for modeling properties sensitive to bond angles and local
geometric distortions. To address some of these limitations,
new models improved molecular modeling by ensuring rota-
tional and translational invariance. For example, SchNet model
maps the atomic positions into a learnable continuous func-
tion[243] that take the exact radial distances between atoms and
apply continuous convolutions over these distances, rather than
categorizing them into predefined steps. This continuous filter-
ing allows the model to capture fine-grained variations in atomic
positions and ensures that even small changes in geometry, such
as slight changes in bond lengths or angles, are accounted. This
innovation made SchNet particularly effective in handling molec-
ular dynamics and nonequilibrium configurations. MEGNet, on
the other hand, extended the GNN framework to both molecules
and crystalline materials by incorporating global state variables,
such as temperature and pressure, into its architecture. This
allowed MEGNet to predict temperature-dependent properties
more accurately across a broader range of materials.[244]

Another challenge for GNNs in materials science is their
initial inability to distinguish between topologically equivalent
systems that differ geometrically, such as staggered and eclipsed
configurations of molecules. The atomistic line GNN (ALIGNN)
addressed this critical shortcoming by introducing a dual-graph
approach that explicitly incorporates bond angles into the GNN
framework.[245,246] In ALIGNN, bonds themselves are repre-
sented as nodes in a secondary graph, with edges representing
bond angles. This structure allows the model to propagate angu-
lar information alongside interatomic distances, significantly
enhancing its ability to predict properties sensitive to local geom-
etries like bandgaps. By combining bond angles with edge-gated

Figure 8. Scheme of the determination of local and global crystal properties using GNN. The crystal is first embedded into feature nodes, which contain
the local properties. In the simplest approximation these nodes could be just the atomic information, but onmore complex architecture it can also include
neighboring data and bonding information. These nodes are connected to other locally through their edges. The message passing function is in charge to
collect all local features and update the node feature. In this way, all nodes adjust themselves while considering their surroundings. Then, the graph could
be used to infer both global and local properties of the crystal.
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graph convolution, ALIGNN sets a new benchmark for material
property prediction, proving that explicitly capturing many-body
interactions, including angular dependencies, is crucial for
advancing GNN models in both molecular and crystalline
systems.

In parallel, a new family of models called equivariant NNs has
emerged as a natural extension of CNNs. These models are
designed to handle the symmetry properties of physical systems
more effectively, particularly those that require strict adherence
to rotational, translational, or reflectional symmetries.
Equivariance refers to the property where the internal features
of a model transform in the same way as its inputs under
symmetry operations. This property is especially useful when
constructing Hamiltonians for material systems, where symme-
tries like rotational and translational invariance are critical to
model quantum interactions. Therefore, equivariant models
and its predictions would be consistent with the inherent physi-
cal symmetries of the system, which is especially important for
highly symmetric materials like crystals or those exhibiting spin–
orbit coupling. For example, group equivariant CNNs[247] ensure
that features are equivariant under transformations, leading to
improved accuracy and generalization in structured data tasks.
These models not only reduce computational complexity but also
improve the predictive accuracy of electronic properties,
especially in systems where symmetry plays a key role in their
quantum mechanical behavior.[248] An additional improved
was achieved by introducing rotational and translational invari-
ance into the model. This advancement tackled the challenge of
accurately predicting Hamiltonian matrices for materials with
intricate symmetries, such as molecular crystals and nanostruc-
tures. By ensuring that the Hamiltonian matrix transforms cor-
rectly under physical symmetries, QHNet[248] significantly
improved the modeling of complex quantum interactions in
3D space. Its application to molecular dynamics simulations
demonstrated enhanced performance in both speed and accu-
racy, particularly in modeling materials with high symmetry.

The evolution of equivariant models has significantly
advanced AI models for materials science, with each iteration
addressing the limitations of earlier approaches. The introduc-
tion of N-center interactions in models like equivariant represen-
tations for molecular Hamiltonians enabled the accurate
prediction of complex quantum properties, improving the
modeling of multiatom interactions in systems such as large
organic molecules and transition metal complexes.[249]

Building on this, the equivariant analytical mapping of first-
principles Hamiltonians extended the transferability of these
models by predicting Hamiltonians for a wide range of materials,
including defected systems, using an atomic cluster expansion
descriptor that fully respects rotational symmetries.[250] The latest
development, HamGNN, further integrated E(3)-equivariant con-
volutions, achieving exceptional accuracy and transferability
across diverse material systems, from small organic molecules
to large-scale, defected crystalline structures.[251] These advance-
ments show the importance of symmetry-preserving mecha-
nisms in improving the performance and generalization of AI
models for quantum mechanical systems, with promising
applications in discovery and quantum device design.

6.3. Applied-AI in Molecular Design: Examples in
Pharmaceutical Drug Discovery

Traditionally, the pharmaceutical and material science are areas
of scientific interest that are quite far from each other with lim-
ited overlap. However, innovative approaches are reducing this
gap, creating interdisciplinary frameworks that integrate con-
cepts from molecules, materials, and medicine. Initiatives such
as the Molecules, Materials, Medicines (M3) conference
series[252] exemplify this convergence, fostering collaboration
and advancing the integration of pharmaceutical and materials
science. Materials science is critical for addressing physical
and chemical challenges in drug development, such as improv-
ing solubility, bioavailability, and stability. Innovations like amor-
phous dispersions and pharmaceutical cocrystals exemplify the
application of materials science in creating optimal drug formu-
lations.[253] By integrating AI-driven technologies, which analyze
massive datasets and predict material behaviors, with materials
science techniques, researchers can refine drug formulation
design, predict stability, and accelerate the discovery of novel
therapeutic pathways.

This interdisciplinary approach not only addresses the bottle-
necks of traditional drug development but also demonstrates
how materials science principles extend beyond their traditional
domain. The M3 concept emphasizes how materials science
contributes to improving pharmaceutical development, while
pharmaceutical challenges inspire advancements in materials
science. This synergy between fields ensures innovative solutions
that enhance drug performance and deliver better therapies to
patients.[254]

The pharmaceutical industry plays a key role in improving
global health by developing and producing essential medicines.
Over the decades, this industry has evolved from the manufac-
ture of simple drugs to the creation of advanced therapies based
on biotechnology and genetics. However, despite technological
and scientific advances, the discovery and development of new
drugs face several traditional challenges that remain significant
obstacles. One of the main challenges in traditional drug discov-
ery is the high cost and time required to introduce a new product
to the market. The typical process includes several phases, from
initial research and discovery to clinical trials, which seek to sup-
port the effectiveness and safety of new drug candidates. The pro-
cess can take decades and cost billions, making it difficult to
respond quickly to new diseases.[255]

On the other hand, the pharmaceutical industry is facing a
declining success rate in drug discovery. Many molecules
investigated in the initial phase fail to demonstrate efficacy or
safety during clinical trials, resulting in a high failure rate.
This not only increases costs but also prolongs the time needed
to find effective treatments. Despite these challenges, the indus-
try has adopted new strategies to improve drug discovery. The
use of technologies, such as AI with computational biology, is
beginning to transform pharmaceutical research, enabling faster
and more accurate analysis of large volumes of biological and
chemical data. These innovations promise to reduce costs and
time as well as increase success rates in the discovery of new
drugs.[256,257]
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6.4. Applied-AI in Molecular Design: Example in Drug
Discovery

AI has begun to play an important role in pharmacology, and its
ability to process large amounts of biomedical data, such as geno-
mic sequences, protein-ligand interactions, and clinical trial
results, has accelerated the discovery of new therapeutic targets.
ML and DL algorithms can identify complex subtle patterns,
facilitating the identification of proteins, genes, or metabolic
pathways involved in diseases that can be pharmacologically
modulated. On this last point, one of the most important advan-
ces has been the application of several AI tools to analyze massive
genomic and proteomic data. These tools make it possible to
explore genetic information associated with diseases, facilitating
the identification of key proteins in pathogenesis.[258] The avail-
ability of large genomic databases (e.g., GenBank[259] or
gnomAD[260]) has enabled ML and DL models to identify genetic
variants associated with diseases by analyzing DNA sequences
and revealingmutations and polymorphisms. These models have
proven effective in identifying patterns and associations that are
difficult to identify using traditional techniques.[261] In addition,
NNs have played a central role in the creation of the “interac-
tome,” a detailed mapping of protein-protein interactions. By
analyzing these networks, the modulation of key proteins could
have an impact on the disease.[262]

One of the most recent gorundbreaking developments is the
creation AlphaFold, which has transformed 3D protein structure
prediction.[11] This advance facilitates the understanding of pro-
tein function and identification of active sites for the design of
molecules that can modulate the activity of target proteins.[258]

The ability of these models to predict the relationship between
genotype and phenotype has also allowed for a better understand-
ing of pathogenesis by linking genomic data to clinical pheno-
types, opening the door to the identification of more precise
therapeutic targets.[263] The newest version of AlphaFold can also
predict small ligand positioning on proteins,[264] protein–protein
interaction modeling,[156,265] and nucleic acid simulation,[266]

areas that have been a constant challenge in biomolecule
modeling.

Another key approach to drug discovery is the integration of
omics data. DL techniques have made it possible to combine data
from multiple levels, such as genomics, transcriptomics, proteo-
mics, and metabolomics, to provide a whole overview of patho-
logical processes. This approach achieved by Tsuji et al.[267]

facilitates the identification of metabolic pathways and transduc-
tion signals involved in the disease, which, in turn, suggests new
therapeutic targets. Chi et al. described a novel approach to
model biological networks using NNs and graph-based algo-
rithms, allowing the representation and analysis of complex
interactions in biological systems. This allows simulation of
how changes in a specific protein affect the entire network
and identification of therapeutic interventions that could modu-
late the disease.[262] Similarly, Kurata et al. combined advanced
techniques, such as transferable and multitask learning, to
improve therapeutic target identification. These approaches
allow models to simultaneously learn from multiple diseases
and datasets, which increases their ability to identify targets
relevant in different pathological contexts.[268]

Advancements in modeling biological networks and potential
therapeutic targets raise the need to develop efficient strategies to
design molecules that interact with these targets in a precise and
effective manner. The integration of advanced computational
approaches, including both biological network simulations and
rational drug design, is essential to accelerate the discovery of
new therapeutics. As new therapeutic targets have been identi-
fied, it is important to design molecules with high affinity and
specificity toward these targets, thus optimizing the therapeutic
potential of the developed compounds.

6.5. Applied-AI in Designing Molecules with High Affinity to
Specific Targets

The design of molecules capable of binding with a high affinity to
specific therapeutic targets is a key aspect in the development of
new drugs and therapies. This process involves the challenge of
exploring a vast and complex chemical space composed of an
almost infinite number of possible combinations of chemical
structures. Traditional drug design methods allow access to only
a small fraction of this chemical universe, which complicates the
identification of candidate molecules with therapeutic poten-
tial.[256] Pharmaceutical development is complicated because
any chosen molecule must have biological activity and meet
patient safety and efficacy standards. In this context, GANs
are a promising approach in terms of practical application.
They can accelerate drug discovery by creating new molecules
that interact efficiently with target proteins and reduce complex
data dimensionality. Variational autoencoders highlight key fea-
tures in genomic data, helping to focus research efforts on areas
with the greatest potential.[258]

Traditional methods like molecular docking and affinity calcu-
lation are computationally intensive and sometimes inaccurate
due to model simplifications. These limitations can be overcome
using new software that incorporates ML and NN. This helps
predict the optimal ligand position and orientation at the active
site of a receptor.[269] Limbu and Dakshanamurthy used experi-
mental data to estimate the binding energies and dissociation
constants using the hybrid DL method, improving prediction-
result correlation. This capability leads to more accurate affinity
calculations, which are essential for an efficient drug design.[270]

In terms of application and recent advances, De Novo ligand
generation has emerged. Using generative networks, it is possi-
ble to design new molecules with a high probability of binding to
a specific target, thereby expanding the possibilities of drug
discovery. Iterative optimization of models by continuously
incorporating new experimental data refines predictions and
improves efficiency over time. In addition, the integration of
ML with other techniques such as MD provides a hybrid
approach that combines the predictive capability of learning
models with the detailed accuracy of physics-based methods,
thus taking advantage of the best of both worlds.[271,272]

6.6. Applied-AI to Drug Formulation

AI is transforming the optimization of excipient selection in the
development of pharmaceutical formulations, a process that tra-
ditionally relies on exhaustive experimentation and trial and
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error, at a high cost in time and resources. Advances in AI allow
more efficient and accurate prediction of drug–excipient interac-
tions, optimizing the final formulation.[273,274] These models
predict how excipients affect crucial drug properties, such as sol-
ubility, stability, dissolution rate, and bioavailability. One exam-
ple is the use of NNs to predict drug solubility in various
excipient combinations. For this approach, Damiati et al.[275]

used NNs to predict the solubility of indomethacin in aqueous
solutions of different hydrotopes. They identified key features
for its solubilization and selecting pyridoxine (vitamin B6) as
the ideal excipient, accelerating the identification of optimal
excipients.

AI not only selects excipients but also optimizes their concen-
tration. AI models predict optimal concentration to achieve the
desired disintegration and dissolution time, which is crucial in
controlled-release formulations, where the excipient concentra-
tion directly affects the drug release rate. NNs can optimize
parameters such as polymer concentration, coacervation agents,
agitation, and spray rate. A multiobjective approach combining
NNs, response surface methods, and continuous genetic algo-
rithms has been applied to investigate the effect of drug–lipid
ratio, surfactant concentrations, and drug loading capacity to
produce polymer–lipid hybrid nanoparticles with the optimal
loading and size.[276,277]

In oral formulations, MLmodels predict active pharmaceutical
ingredient (API) solubility, API release rates from sustained-
release matrix tablets, and the stability of amorphous solid
dispersions.[278,279] They are also applied in the design of osmotic
pump tablets, microemulsions, and drug–phospholipid/
cyclodextrin complexes.[280] In nanoparticle development, AI
has been applied to predict properties such as size, polydispersity
index, and encapsulation efficiency, especially for transdermal
delivery.[281] Finally, AI predicts conditions for preparing drug
nanocrystals by techniques such as wet milling, high-pressure
homogenization, or antisolvent precipitation.[282]

6.7. Applied-AI in Predicting Potential Drug Side Effects

The use of AI to predict drug toxicity and adverse reactions has
gained significant attention. AI-driven analysis of preclinical and
clinical data enables more accurate predictions of potential side
effects of compounds, optimizing drug development. Tools such
as SIDER (Side Effect Resource)[283] and ProTox 3.0[284] leverage
large databases and ML models to identify relationships between
drug structures and adverse effects, providing valuable platform
for toxicity risks assessment.

DL models, such as DeepTox,[285] can predict compound
toxicity based on their molecular structures, reducing the time
in safety evaluation. On the other hand, commercial tools like
ADMET Predictor[286] offers comprehensive predictions for
absorption, distribution, metabolism, excretion, and toxicity,
improving the early-phase drug development. Collaborative proj-
ects like eTox Project integrate data to develop in silico toxicity
models, empathizing international cooperation to improve the
accuracy of toxicological prediction.[287,288] Other tools such as
VenomPred 2.0[289] and CSL-Tox,[290] which employ advanced
AI models to assess critical aspects of both short- and long-term
toxicity, are innovative platforms that not only facilitate

toxicological prediction but also provide clear insights to guide
researchers to make informed decisions about the need for fur-
ther studies.

The integration of AI in drug design is a relatively recent devel-
opment. However, the results obtained so far have been of great
relevance and importance. Halicin, a novel antibiotic, was discov-
ered in 2020 by researchers at the Massachusetts Institute of
Technology (MIT) using AI.[291] This compound has been recog-
nized for its ability to kill a wide range of antibiotic-resistant bac-
teria, including some of the most dangerous one identified by the
World Health Organization (WHO). Halicin is particularly inno-
vative because of its mechanism of action, which interferes with
the ability of bacteria to maintain an electrochemical gradient
across cell membranes, a process essential for energy produc-
tion. Disruption of this gradient leads to bacterial death, and
because this mechanism differs from conventional antibiotics,
the likelihood that bacteria will develop resistance immediately
is reduced.[292–294] This breakthrough was made possible by a
DL algorithm, which was trained to predict molecules capable
of inhibiting the growth of Escherichia coli. By analyzing the
molecular structures of known drugs and their antibacterial
properties, the AI system was able to analyze more than 100 mil-
lion chemical compounds, stored in the “Drug Repurposing
Hub” digital database, in just a few days. Halicin has emerged
as a leading antibacterial candidate.[292]

Another prominent example is the case of baricitinib
(Olumiant), developed by Benevolent AI and Eli Lilly for the treat-
ment of COVID-19. Using AI-driven knowledge graphs, they
managed to examine through huge biomedical datasets, identi-
fying baricitinib as a potential treatment because of its anti-
inflammatory and antiviral properties.[295,296] Baricitinib received
emergency use authorization from the FDA for hospitalized
patients with COVID-19. Later, it was included in treatment pro-
tocols worldwide, providing a crucial therapeutic option during
the pandemic.

Finally, in silico medicine used AI to design ISM001-055, a
drug candidate for the treatment of idiopathic pulmonary fibrosis
(IPF). This drug was designed using a generative enhancement
tensor learning by reinforcement (GENTRL) model. This allowed
the chemical exploration and molecular structure optimization of
promising ligands to improve their affinity for DDR1 kinase, a
key IPF pathogenesis protein.[297] It was one of the first
AI-discovered drugs to enter Phase I clinical trials in 2021.
This shows how AI can accelerate complex disease treatment
development. Figure 9 shows a summary of the synergy of AI
and its multiple possibilities for drug prediction.

7. Expectations of AI Methods

ML and AI are increasingly used in materials science. Their
promise, popularity, combined with a lower barrier to entry from
tutorial and frameworks. However, their widespread adoption
also makes them prone to misuse. This section highlights
potential challenges and corresponding solutions.

The performance of NNs is critically dependent on the
training dataset. Contrary to the common perception (shaped
by sensationalized news) that AI requires vast datasets processed
over extensive periods using high-end GPU clusters, the actual
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data requirements are problem-specific. While larger datasets
often improve performance, it is essential for researchers to
assess the adequacy of existing dataset before assuming the
necessity of acquiring additional data. In many instances, NNs
can achieve satisfactory performance with smaller datasets, miti-
gating the significant costs and labor associated with data acqui-
sition. Additionally, methods such as transfer learning, where a
model is pretrained on a related task before fine-tuning for the
target application, can significantly reduce data requirements.
Transfer learning is well established in image classification tasks
involving natural images[298] and has also been successfully
applied in materials science.[299]

The statistical properties of training and test datasets are also
crucial in NN development. Ideally, these datasets should be sta-
tistically indistinguishable. However, several common issues
must be considered. A classic problem is overlap between train-
ing and test datasets. While direct overlap is generally avoided,
subtle overlaps, such as shared subsamples from images or time-
series data, may occur. Additionally, uninformative or unphysical
variables, such as “IDs” or “sample names,” can inadvertently
carry valuable information. To ensure the network utilizes mean-
ingful data, researchers are advised to employ explainable AI
(XAI) techniques, discussed later.

Special attention is also required when applying a network in a
different condition than the training data. A common mistake is
assuming that a model trained and tested on one dataset will gen-
eralize effectively. From experience, a network trained to classify
centered and well-lit faces might fail when used with webcam
images in less controlled environments. In a scientific context,
shifts in calibration or environmental conditions between train-
ing and application can adversely affect performance. Ensuring
robustness across temporal and contextual variations is critical
for reliable deployment.

Although NNs are often described as “black boxes,” this label
is a bit misleading. Their mathematical operations are typically
straightforward, yet their behavior can be challenging to inter-
pret. Traditional methods, like nearest neighbors, offer greater

interpretability, while techniques such as tree-based models
are more transparent in simple cases but lose clarity with com-
plex structures. Large numerical feature splits, for example, often
obscure interpretability.

On the other hand, demonstrating network performance on
test datasets is necessary, but often not sufficient to convince
researchers of the validity of a model. Publications using NNs
often devote significant effort on additional tests to convince
the readers of the validity of the model. However, a simpler
approach can be testing the impact of different architectures
and changing the information given to the NNs during the train-
ing. In papers introducing multiple improvements, one would
systematically train networks including these modifications
and benchmark their performance.[300] In cases where certain
data seem to be important, training can be performed with or
without this data included.

XAI methods provide tools for understanding NN behavior.
For example, CNNs process input through layers of transforma-
tions that extract features. Techniques like Zeiler and Fergus’s
visualization method[301] allow researchers to observe the
features captured at each layer. Frameworks such as LIME[302]

identify regions of input (e.g., image superpixels) most influen-
tial to decisions. Similarly, gradient-based methods[303] highlight
important input regions. Comparing these regions with physical
expectations enhances confidence in the network’s decision-
making by demonstrating alignment with meaningful,
domain-specific information.

8. Perspectives

The future of AI in materials science promises rapid advance-
ments in discovery, design, and characterization. NNs have
already helped design new materials, but several challenges
remain. The training and maintenance of models are highly
resource intensive. In a society where energy availability is a crit-
ical concern, the expanding energy footprint of AI presents a sig-
nificant challenge. In February 2023, the chairman of Alphabet

Figure 9. Scheme on the multiple uses of AI (DL, ML, NNs, and GANs) in drug discovery.
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highlighted that interacting with an LLM may consume up to 10
times the energy of a standard search.[304] These numbers
aligned quite well with the analysis of SemiAnalysis, who esti-
mated that ChatGPT was processing 195 million daily requests
and consuming �564MWh daily or 2.9Wh per interaction[305]

compared with a standard Google search that uses �0.3Wh
per search.[306] The substantial energy demands of AI models,
such as those used for material discovery, highlight the need
for integrating sustainable practices and energy-efficient algo-
rithms. The adoption of new architectures or NNs can reduce
the demand of energy. Spiking NNs (SNNs), the so-called third
generation of NNs, are known for their efficiency in processing
spatiotemporal information with minimal energy consump-
tion.[307] The integration of SNNs with neural architecture search
can further enhance their efficiency and accuracy while preserv-
ing low latency and energy requirements.[308]

In spectroscopic data analysis, the development of adaptive
models that can be applied to diverse techniques without exten-
sive retraining remains a priority. Interoperability issues arise as
models designed for specific techniques, such as Raman spec-
troscopy, may not directly apply to others like XRD, UV–vis,
or NMR without modifications. Variability in data quality, influ-
enced by instrument sensitivity, environmental conditions, and
sample properties, also requires robust models capable of accu-
rate analysis under different conditions. Meta-learning algo-
rithms offer a solution, enabling AI models to adapt quickly
to new spectroscopic methods, enhancing versatility, and reduc-
ing retraining needs. On other hand, the introduction of XAI in
AI-guided spectroscopy is crucial because it transforms complex,
opaque ML models into transparent systems that provide inter-
pretable insights. XAI enables researchers to determine key spec-
tral bands or peaks influencing outcomes, making AI tools more
reliable and fostering their adoption in other fields. This
interpretability bridges the gap between advanced AI techniques
and domain expertise, ensuring that AI models are both effective
and trustworthy.

Similar challenges faced in spectroscopy affect AI applications
in EM, where conditions like beam intensity, magnification, and
sample composition vary significantly. Models trained under spe-
cific conditions may struggle to generalize, suggesting that train-
ing models on shared datasets across laboratories could enhance
robustness and applicability. Moreover, standardizing AI tools
across synchrotron facilities, which uses diverse hardware and
software, is crucial for consistent data processing. Global partner-
ships projects and modular AI platforms tailored for different
synchrotron technologies could foster international collaboration
and efficiency. The InCAEM is a pioneering initiative in this
direction. Its integration with ALBA synchrotron will enable
combined (S)TEM, SPM, and synchrotron techniques to provide
atomic-scale insights under real working conditions. For such
endeavor, the development of AI-based advanced algorithms
capable of processing and correlating massive multimodal data-
sets in real time will be essential for improving the speed and
accuracy of scientific discovery. That will also require the harmo-
nization of correlative data from different experimental techni-
ques, ensuring consistency and accuracy when combining
datasets from microscopy and synchrotron sources.

In material design and atomistic modeling, intensive simula-
tions, such as FEM, FDTD, and DFT, are computationally

expensive, slowing down the iterative process of material design.
The physical assumptions and approximations in these models
can also introduce errors, making it challenging to achieve high
precision without compromising speed. The reliance on complex
“black-box” models in metamaterial inverse design further com-
plicates understanding and trust in AI-generated outcomes.
Creating explainable AI models that provide the justification
for design choices would improve the acceptance and confidence
of the field. In this sense, it is important to remark again the early
adoption of XAI tools.

The role of AI in drug discovery has shown promise, but inte-
grating these tools into pharmaceutical processes introduces
complexities. Rigorous validation is needed for regulatory
approval, bridging the gap between AI predictions and compli-
ance standards. Bias in AI drug discovery models, particularly
when training data lacks diversity, is another concern.
Collaborative platforms involving pharmaceutical companies,
AI developers, and regulatory bodies could streamline AI integra-
tion. Diversifying training datasets with genomic data from var-
ied populations can also reduce biases and enhance model
robustness.

An additional critical aspect in the integration of AI into mate-
rials science and drug discovery is the need for experimentalists
to adopt these AI tools. While the development and optimization
of AI models are often driven by computer scientists and engi-
neers, it is essential that experimental researchers (who generate
and work with the data) are well-trained in the use these tools.
Their expertise in experimental methodologies combined with
an understanding of AI applications will enable them to interpret
AI outputs accurately and integrate these tools into their
research. Training programs and interdisciplinary workshops
aimed at equipping experimentalists with the skills to use AI plat-
forms are crucial for maximizing the potential of this technology.
By fostering collaboration between AI developers and experimen-
tal scientists, the field can ensure that AI tools are not only acces-
sible but also practically implemented to achieve more precise
and efficient research outcomes.

In summary, the future of AI in materials science and drug
discovery faces some technical, ethical, and infrastructural
challenges. Cross-disciplinary integration is essential, requiring
collaboration among computer scientists, physicists, chemists,
and engineers to align goals and methodologies. Ethical consid-
erations, such as data ownership, intellectual property, and trans-
parency, also demand attention. Establishing global consortiums
and interdisciplinary research hubs can bridge these gaps, while
implementing ethical governance frameworks ensures responsi-
ble development. Addressing these challenges and leveraging
collaborative approaches are critical for AI’s advancement and
transformative impact in these fields. Facilities like InCAEM will
be key in addressing these challenges, fostering AI-driven inno-
vations in sustainable material design and energy applications.
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