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Abstract

Hierarchical self-assembly in soft materials generates complex nanostructures with critical applications ranging from
biomedicine to energy storage systems. Advanced transmission electron microscopy (TEM) methodologies—including
cryogenic-TEM, electron tomography, and liquid-phase TEM—nhave significantly advanced our ability to visualize these
assemblies with unprecedented spatiotemporal resolution. This perspective examines how machine learning
integration overcomes inherent limitations in TEM analysis of beam-sensitive soft materials, enabling automated
feature extraction, 3D reconstruction, and dynamic process analysis. We propose future directions for creating
integrated analytical platforms that predict material properties from imaging data, accelerating the development of
next-generation functional materials for extreme environments and emerging global challenges.

Introduction

The unprecedented global impact of coronavirus dis-
ease 2019 has underscored the critical importance of
understanding self-assembly processes at the molecular
and nanoscale levels. The rapid transmission of severe
acute respiratory syndrome coronavirus 2 (SARS-CoV-2)
is driven by sophisticated self-assembly mechanisms of
viral proteins, resulting in highly ordered nanostructures
with precise molecular mechanical properties (Fig. 1a, b)'.
The presence of spike proteins and capsids exemplifies its
ability to recognize host cells and facilitate subsequent
infection'. Understanding these self-assembly processes
not only elucidates viral pathogenesis but also serves for
the design of functional materials, such as mRNA vac-
cines utilizing lipid nanoparticles, which encapsulate and
deliver genetic material through precise molecular orga-
nization®. This insight provides a novel approach to the
development of therapeutic agents for infectious diseases,
thereby advancing clinical medicine and public health
intervention. Notably, cryogenic transmission electron
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microscopy (cryo-TEM), which was awarded the 2017
Nobel Prize in Chemistry for enabling the direct visuali-
zation of native structures under physiological conditions,
has achieved atomic-resolution imaging of membrane
proteins, ribosomes, and virus capsids’. Recently, reg-
ulatory agencies including the U.S. Food and Drug
Administration, the Pharmaceuticals and Medical Devices
Agency in Japan, and the National Medical Products
Administration in China have recognized TEM as a
standardized analytical guidelines for the development
and industrialization of drug and gene delivery
nanocarriers®.

Soft matter—encompassing biomaterials like cell mem-
branes and proteins, as well as synthetic materials like
polymers, liquid crystals, membranes, gels, and
colloids—can form complex structures through self-
assembly in response to external stimuli due to their
high sensitivity”°. TEM has become an indispensable tool
for interpreting structure-function relationships, allowing
for the direct observation of microphase separation,
atomic and molecular arrangements in crystal structures,
and investigating chemical compositions®. However, when
examining hydrated specimens, the high vacuum condi-
tions necessary for minimizing electron scattering can
compromise the integrity of native hydrated structures,
leading to distorted images and limiting three-
dimensional (3D) imaging capabilities®. To address these
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Fig. 1 Architecture of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) and highly accurate 3D protein structure prediction
with Al a Hierarchical, complex assembly of proteins into SARS-CoV-2'. Ultrastructure of the ribonucleoprotein (RNP), RNP hexagon with
representative tomogram slices (left) and a whole virion visualized through a cryogenic transmission electron micrograph (right). b Spikes of SARS-
CoV-2 showing the refined orientation of the prefusion and postfusion conformations as a representative molecular machinery system. Reproduced
with permission from ref.'. Copyright 2020 Cell Press. ¢ Al-predicted protein structure: Intertwined homotrimer (PDB 6SK0) predicted by AlphaFold
(left). Protein-protein interactions of PDB 7T82 predicted by AlphaFold 3 and evaluation of the experimental accuracy (right). The structures are
colored by pLDDT (predicted local distance difference test) and by chain. DockQ interface scores and predicted aligned error (PAE) matrix are shown

to indicate prediction accuracy and confidence®'®. Reproduced with permission from refs. #'°. Copyright 2021, 2024 Springer Nature.

challenges, researchers have implemented cryo-TEM,
electron tomography (ET), and in-situ liquid-phase TEM
(LP-TEM), complemented by advancements in high-
resolution optics for TEM at low accelerating voltages®.
Despite these advancements, fundamental limitations
persist due to the inherently low electron density contrast
of soft matter compared to hard matter and its suscept-
ibility to degradation from electron beam exposure.
Artificial intelligence (AI), first conceptualized by Alan
Turing in the 1950s, has evolved through key develop-
ments including perceptrons, backpropagation algo-
rithms, and deep learning (DL) frameworks’. Recent
advances in large language models such as ChatGPT,
Claude, and DeepSeek, alongside Al applications, are
reorganizing various scientific fields including autono-
mous driving, materials discovery, and medical diag-
nostics’. The introduction of DL frameworks (e.g.,
TensorFlow and PyTorch) and large-scale computing
resources has enabled Al-driven automation across
structural biology, pharmaceutical research, and nano-
fabrication®. TEM generates vast amounts of high-
dimensional image data requiring accurate and efficient
analysis. Traditional manual approaches to analyzing the
vast amounts of high-dimensional TEM image data are

time-consuming nature and prone to bias, driving the
need for Al-integrated TEM analysis. The next-
generation TEM in soft matter research may identify
self-assembly pathways through real-time 3D analysis
with high spatiotemporal, correlate structural properties
with material characteristics, and predict self-assembly
dynamics under varying conditions. The Al-integration is
further advancing automation and enabling real-time data
analysis”.

The advent of DL in structural biology has been trans-
formative. Notably, advanced biomolecular prediction
models such as AlphaFold 3 now quantitatively reproduce
experimentally validated structural features with remark-
able precision (Fig. 1c)*'°. This includes achieving
interface-level fidelity in predicting protein-protein, pro-
tein-ligand, and antibody-antigen complexes, reflected in
high structural prediction accuracy metrics like sub-2 A
root mean square deviation and high DockQ scores, both
of which strongly correlate with functional specificity and
interaction strength. Such successes underscore the
power of DL in deciphering complex, sequence-defined
biomaterials. However, the predictive power of these
sophisticated models currently faces limitations when
extended to systems where molecular identity is less
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defined, and the constituent building blocks are more
heterogeneous. This is often the case for synthetic poly-
mers and their supramolecular assemblies. In these arti-
ficial systems, factors such as conformational
heterogeneity, polydispersity, and the intricate interplay of
multivalent non-covalent interactions make the ab initio
prediction of secondary structures and their resultant
hierarchical assemblies particularly challenging. Conse-
quently, while acknowledging the strides made in bio-
molecular prediction, this perspective mainly focuses on
the role and potential of Al-integrated TEM in the ana-
lysis of artificial synthetic soft matter. For complex soft
materials where predictive modeling is still in its nascent
stages, these Al-integrated TEM techniques discussed in
this perspective are indispensable for resolving the native
architectures and assembly pathways.

In this perspective, we explore the recent developments
and research directions in electron microscopy analysis
for identifying hierarchical, complex self-assembly struc-
tures in soft materials, with a particular emphasis on
artificial synthetic systems. We summarize the limitations
of manual analysis methods and examine how machine
learning (ML) solutions are addressing these challenges.
Additionally, we discuss the transformative potential of
integrating Al with electron microscopy for soft matter
self-assembly research, with implications for biomaterials,
nanomedicine, and functional materials. Ultimately, this
integration will enable comprehensive analytical
platforms—from molecular design and experimentation to
post-processing and analysis—that can predict materials
from imaging data, propose modification strategies for
existing materials, and accelerate the development of
next-generation materials for emerging applications.

Recent progress and achievement
Direct visualization of molecular self-assembly: Leveraging
TEM and Al integration

Complex nanosystems derived from molecular hier-
archical self-assembly of soft matter are being actively
investigated as advanced functional materials, including
biomimetic drug delivery systems and next-generation
energy materials>>°, Elucidating the structure-function
relationships and enhancing the properties of these
materials necessitates TEM analysis capable of simulta-
neously achieving atomic-scale spatial resolution and
millisecond temporal resolution. TEM has evolved into a
versatile analytical platform that extends far beyond
simple imaging to provide comprehensive characteriza-
tion of materials across multiple dimensions™®. Self-
assembled soft materials serve as building blocks for
hierarchical superstructures in solution, including nano-
tubes, nanosheets, and networks, which continuously
rearrange according to thermodynamic equilibrium and
non-equilibrium states. These supramolecular structures
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find applications in diverse fields including nanolitho-
graphy, electronics, and drug delivery, necessitating ima-
ging techniques capable of analyzing their formation and
ordered structures in solution.

TEM has provided unprecedented spatial resolution for
materials characterization from atomic to molecular
scales by utilizing electron beams as a light source based
on Rayleigh scattering principles. In imaging mode,
bright-field (BF) and dark-field (DF) modalities reveal
critical morphological features, interfaces, porosity dis-
tributions, and structural defects. These fundamental
observations enable researchers to visualize how mole-
cular building blocks arrange themselves into functional
hierarchical structures. Concurrently, selected area elec-
tron diffraction (SAED), convergent beam electron dif-
fraction, and Kikuchi pattern analysis provide
crystallographic information including phase identifica-
tion, orientation mapping, chemical ordering, and strain
distribution within self-assembled domains. For compo-
sitional analysis, energy-dispersive X-ray spectroscopy
(EDS) and electron energy loss spectroscopy reveal che-
mical bonding states, elemental distributions, and optical
properties. As shown in Fig. 2a, these complementary
TEM approaches enable precise characterization of
complex soft material assemblies''™*?, Through conven-
tional imaging, we can observe how block copolymer self-
assembly creates soft patches that serve as building blocks
capable of forming highly hierarchical and precisely
assembled superstructures, with assembly behavior dic-
tated by the surface properties of these patches''. Addi-
tionally, SAED patterns reveal the crystalline structures of
conjugated polymers, which can exhibit different elec-
tromagnetic properties depending on molecular orienta-
tion'”. In multicompartmentalized nanostructures, EDS
mapping enables elemental labeling of individual com-
partments, providing valuable insights into the spatial
distribution of chemical components within complex
assemblies'?.

However, conventional TEM faces significant challenges
when analyzing soft materials. Owing to their composi-
tion of low atomic number elements, they exhibit weak
electron scattering cross-sections'®. This leads to the low
phase contrast and makes structural visualization parti-
cularly challenging. Furthermore, when analyzing
solution-state particles, the vacuum environment required
for TEM operation typically necessitates drying samples
on grids prior to imaging, which can lead to structural
deformation. Additionally, potential structural damage
from high-energy electron beam interactions, including
atomic displacement and radiation effects, remains a
fundamental concern. In response to these limitations,
cryo-TEM has emerged as a powerful technique for
analyzing biological particles such as viral proteins and is
now widely applied in various fields, from biological
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Fig. 2 Al-enhanced TEM analysis framework for self-assembled nanostructures in soft matter. a Direct visualization and interpretation of
organic polymer molecular self-assembly into well-defined nanostructures leveraging imaging', diffraction'?, and spectroscopy’® in TEM.
Reproduced with permission from refs. ''~'3. Copyright 2023 Springer Nature, 2010 American Chemical Society, and 2021 AAAS. b, ¢ Representative
neural network applications in TEM-based morphological, crystallographic, and electronic analysis of self-assembled nanostructures'”~?°. b U-Net'”
architectures are applied across all analysis domains. The data flow for U-Net based segmentation of nanoprisms and nanotubes, showing features
obtained at different convolution layers leading to the prediction after training and comparison of thresholds for assessment of connected particle
boundaries. ¢ Fully convolutional network (FCN)'® and convolutional neural network (CNN)'® are primarily utilized for imaging and diffraction data,
while unsupervised deep networks (UDN)? is adapted for spectroscopy analysis. FCN capable of microtubule annotation in a tomogram. Each neural
network trained independently to recognize microtubule'® (left). CNN predictions on sum of the convolutional layer filters for crystal class, especially
hexagonal structure not rhombohedral structure'® (middle). Unsupervised two-step network of EDS images of quantum dots, followed by a sinogram
generation network and FBP and for chemical composition identification and 3D organization® (right). Reproduced with permission from refs. '/~%,
Copyright 2020 American Chemical Society and 2017, 2018, and 2021 Springer Nature.

research to the study of soft materials and nanomaterials.
While cryo-TEM enables non-destructive structural ana-
lysis by vitrifying liquid-phase specimens, its static

imaging nature inherently limits its ability to capture
dynamic structural transformations. This will be dis-
cussed in more detail in Fig. 3a.
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molecular self-assembly. a Cryo-electron tomography?’' >

representative ML applications that address these limitations>*>'

Fig. 3 Advanced TEMs and machine learning (ML) applications for enhancing spatiotemporal resolution in visualizing solution-state
reveals the hydrated native morphology and 3D construction of liquid-phase self-
assembled nanoparticles with hierarchical complex assembly (left). Liquid-phase TEM”®~2° demonstrations for observing dynamic assembly processes
and motion in real-time (right). Reproduced with permission from refs. >'~2°. Copyright 2014 American Chemical Society, 2018, 2019, 2021, 2023, 2024
Springer Nature, and 2015, 2017 Wiley-VCH. b Challenges in analyzing hierarchical complex assemblies with TEM (top), are complemented by
(bottom). U-Net based 3D semantic segmentation of targeted ribosome as a
representative aggregates, with statistical analysis of distance-to-membrane (bottom left). Temporal diffusion analysis of particles exhibiting
different behaviors as a function of time®' (bottom right). These demonstrates how ML enables statistical analysis of previously inaccessible dynamic
phenomena in assembly and motion captured by advanced TEM. The motion-based point cloud prediction network (MoNet) contributed to
determine the fractional Brownian motion (FBM), Brownian motion, continuous-time random walk (CTRW) classifications. Reproduced with
permission from refs. *°2". Copyright 2021 Springer Nature and 2021 National Academy of Sciences.

These persistent challenges have motivated the devel-
opment of neural network-based Al-integrated TEM
analysis (Fig. 2b, ¢)'*7*°. These emerging computational
approaches address the fundamental issues of low con-
trast in organic polymers and enhance our ability to
extract meaningful structural information without exces-
sive beam damage. The integration of AI with TEM
represents a significant advancement in our capability to
analyze the complex hierarchical structures formed
through soft material self-assembly, enabling unbiased
pattern detection and high-throughput quantification of
structural parameters across diverse length scales corre-
lating with multidimensional data.

Recent advances in computer vision algorithms and
statistical analysis methods have significantly enhanced
our ability to extract quantitative information from TEM
data. However, analyzing TEM data remains challenging
as, unlike conventional RGB-scale images, TEM images
formed by electron signals are grayscale maps often lack
edge sharpness due to scattering artifacts, challenging
precise boundary localization due to specimen thickness,
and material sensitivity to electron beams. This makes the
extraction of morphological, crystallographic, and elec-
tronic component information time-consuming and
requires specialized knowledge, especially with the
emergence of in-situ TEM experiments producing large
volumes of images.

With the introduction of DL models, segmentation and
classification methodologies have been successfully
applied to high-throughput TEM image analysis. Neural
networks commonly utilized for automated analysis
include U-Net', fully convolutional networks (FCN), and
convolutional neural networks (CNN), each addressing
specific aspects of TEM data interpretation (Fig. 2b,
¢)'*7?°, Initially applied to cell detection and morpho-
metry, U-Net enables mapping of nanoparticle interaction
landscapes and self-assembly kinetic laws through nano-
particle segmentation in LP-TEM videos (Fig. 2b)"”. This
model effectively identifies boundaries of Au nano-
particles with spatial heterogeneity and low signal-to-
noise ratio (SNR). Beyond identifying boundaries, U-Net

based segmentation applied to TEM images, including
challenging LP-TEM data (Fig. 2b)"7, yields quantitative
spatial and statistical information. For instance, derived
parameters like radial distribution functions (g(r)) from
tracked Au triangular nanoprisms allow for direct vali-
dation of Al model predictions by confirming alignment
with experimental observations and simulation results,
such as identifying anisotropic spatial motifs consistent
with predicted packing behaviors. This validation con-
firms the capability of ML to extract physically relevant
structural information from complex TEM datasets, set-
ting the stage for analyzing more dynamic processes like
anisotropic diffusion, etching, and assembly.

FCN provides complementary capabilities by replacing
fully-connected layers with convolutional layers to classify
each pixel, generating effective binary maps and facil-
itating visualization of morphologies by enabling anno-
tation of multiple features within tomograms (Fig. 2c,
left)lg. Meanwhile, CNN composed of convolutional,
pooling, and fully-connected layers, produces feature
maps and dimensionality reduction, generating one-
dimensional vectors for classification tasks (Fig. 2c, mid-
dle)'®. This classification method enabled crystal repre-
sentation through diffraction image calculation, even
quantitatively matching predicted structural classes with
their symmetry-driven physical properties, such as phase
transition pathways and defect tolerance.

Finally, despite challenges in high-resolution 3D
reconstruction due to high background noise in EDS
spectra, combinations of unsupervised deep networks
(UDN) facilitate chemical property analysis of nanoma-
terials by enabling high-quality 3D reconstruction
through sonogram generation networks with limited
labeled spectra (Fig. 2c, right)®°. The effectiveness of these
UDN-based 3D reconstructions was validated against
experimental data, such as high-angle annular dark-field
scanning TEM (HAADF-STEM) images and Fourier shell
correlation analysis, for both core-shell and mono-
elemental nanocrystals. Notably, the ML-based recon-
structions demonstrated improved shape fidelity and
reduced artifacts compared to conventional algorithms,
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highlighting their potential for more robust character-
ization. These advanced computational methods collec-
tively address the inherent limitations of conventional
TEM analysis for soft materials, providing more robust
and comprehensive characterization of self-assembled
structures across multiple dimensions.

Neural network-augmented microscopy with
enhancement of spatiotemporal resolution

While conventional TEM and Al-integrated analysis
provide valuable insights into soft material structures,
capturing the full complexity of hierarchical assemblies
requires more advanced approaches. Building upon these
foundations, Fig. 3 explores the enhanced capabilities of
cryo-ET and LP-TEM for 3D and dynamic visualization of
self-assembly processes®' >°. These methods not only
address the limitations of traditional TEM in preserving
native structures but also generate rich, multidimensional
datasets that pose new analytical challenges®®'°. Here, we
demonstrate how ML algorithms facilitate automated
segmentation, feature extraction, and quantitative char-
acterization of hierarchical assemblies across multiple
length scales and time domains.

Cryo-TEM enables visualization of the native mor-
phology of hydrated self-assemblies, providing insights
into complex soft material structures**%. As shown in
Fig. 3a, this methodology allows direct observation of the
chain folding orientation of conjugated polymers assem-
bled in nanofibers formed through solution-state crystal-
lization-driven assembly'. Additionally, SAED analysis
enables crystallographic characterization of crystalline
polymer-core  structures in  core-corona  block
assemblies”.

When combined with ET for 3D analysis, these
approaches reveal intricate internal architectures of
complex assemblies®’™>*. ET enables volumetric recon-
struction through iterative back-projection of tilt-series
projections acquired at angular increments, typically
spanning +60-70° tilt ranges at 1-2° intervals. Through
computerized reconstruction algorithms (e.g., filtered
back projection, weighted back projection, and simulta-
neous iterative reconstructive technique), ET visualizes
not only external morphologies but also internal archi-
tectures such as onion-like vesicles with water channels
between multiple compartments for multi-drug loading
capabilities?®, cubosomes composed of inverse cubic
mesophase with double-channel structures®*, and RNA
origami tertiary structures revealing various conforma-
tional states of 6-helix bundle with a clasp helix,
demonstrating a folding landscape driven by helix-helix
compaction interactions®. ET faces several technical
challenges, including the missing wedge phenomenon
resulting from mechanical limitations in tilt angles, which
compromises reconstruction accuracy’. The inherent

Page 7 of 11 1

trade-off between spatial resolution and electron dose
creates additional difficulties, as extended exposure times
for improved SNR risk specimen damage in beam-
sensitive soft materials. The integration of direct elec-
tron detectors and automated data collection systems has
enabled high-throughput TEM tomography, generating
terabyte-scale 4D datasets with enhanced SNRs®, which
necessitate DL frameworks for processing tasks from
automated tilt-series alignment to feature segmentation.

Both cryo-TEM and ET provide information only about
fixed states, limiting their ability to capture dynamic
material behavior in solution. This limitation has elevated
the importance of in-situ LP-TEM (Fig. 3a, right)**~*’,
which enables direct visualization of dynamic self-
assembly processes in native liquid environments.
Unlike cryogenic methods, LP-TEM reveals real-time
molecular behavior, including single polymer chain
motion”®, complex mechanisms such as liquid-liquid
phase separation during vesicle membrane formation®,
and the dynamic assembly and motion of polymer chains
and micelles, including the responsive behavior of block
copolymers with lower critical solution temperature
characteristics®®. Furthermore, LP-TEM can even capture
the self-assembly by chemical reaction-triggered mole-
cular transformation. The reduction of disulfide bonds in
cyclic peptides converts into acyclic peptides to form
spherical aggregates, which in turn evolved into fibers™.

LP-TEM employs specialized liquid cells to maintain
samples within the vacuum environment of the electron
microscope. Silicon nitride cells facilitate chemical reac-
tions and temperature control, while graphene-based cells
offer superior resolution for atomic-scale imaging®. This
methodology enables solution injection, in-situ mixing,
and precise control over environmental conditions,
making it ideal for studying hierarchical self-assembly
under physiologically relevant conditions. Despite these
advantages, LP-TEM faces challenges with polymer sam-
ples, including sample preparation complexity, electron
beam-induced damage, and low SNRs. These limitations
emphasize the need for advanced computational approa-
ches to enhance image quality and extract meaningful
information from noisy data, reinforcing the importance
of Al integration for advancing TEM characterization
techniques for soft materials.

Imaging hierarchical complex self-assembled soft
materials with spatiotemporal resolution still presents
significant challenges (Fig. 3b, top), including unexpected
specimen damage from electron beam interactions,
undesired chemical reactions induced by the electron
beam, difficulty distinguishing fine structural details due
to low SNRs, tracking complex dynamics with spatio-
temporal heterogeneity across different scales, and com-
putational challenges in analyzing the huge volumes of
multidimensional data>®'”.
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To address these challenges, we present two repre-
sentative ML-assisted approaches. The first focuses on 3D
segmentation in cryo-ET for macromolecular identifica-
tion (Fig. 3b, bottom left)*. Cryo-ET generates sufficient
resolution and 3D perspectives to identify macro-
molecular assemblies, enabling analysis of mutual inter-
actions between assemblies. Unlike fluorescence
microscopy, which facilitates structural assessment
through specific fluorescent markers labeling target sites,
cryo-ET necessitates utilizing the structures based on
their inherent characteristics without markers. The
missing wedge problem in Fourier space generates arti-
facts and results in anisotropic resolution, which, com-
bined with low SNR, complicates identification within
tomograms. DeepFinder, a 3D CNN-based algorithm
following U-Net architecture, establishes a multi-class
network for macromolecule identification and coordinate
determination in cryo-tomograms, facilitating statistical
analyzes including distance-to-membrane measurements.
While ML has contributed to addressing 3D interpreta-
tion difficulties in cryo-ET, providing multidimensional
imaging modalities for materials with rich reconfigur-
ability and spatiotemporal heterogeneity remains a sig-
nificant challenge®,

The second approach employs statistical analysis-based
ML for predicting particle motion and behavior in LP-
TEM analysis (Fig. 3b, bottom right)>’. A CNN-based
model called motion-based point cloud prediction net-
work (MoNet) has been developed to analyze nanoparticle
trajectories in LP-TEM, predict diffusion class prob-
abilities, and determine dominant motion types (Frac-
tional Brownian motion, Brownian motion, continuous-
time random walk). This enables precise analysis of par-
ticle motion characteristics in 3D space. Additionally,
high-speed, high-fidelity segmentation using U-Net has
been employed to extract self-assembly dynamics of
individual nanoparticles, such as etching kinetics and
diffusion coefficients. CNN models have successfully
predicted the motion of Au nanoparticles exhibiting
anomalous diffusion behavior modulated by electron
beam dose rates. However, applications for soft matter
remain underdeveloped due to electron beam sensitivity
and difficulties in distinguishing structural details, with
few reports on LP-TEM image analysis workflows for low-
contrast materials such as polymers.

Conclusion and prospect

This perspective has explored the remarkable advance-
ments in TEM for investigating hierarchical self-assembly
in nanostructured soft materials. TEM has evolved from a
simple imaging tool to a sophisticated analytical platform
capable of providing multidimensional insights into
complex soft matter structures across spatial, temporal,
and compositional dimensions. The integration of
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conventional TEM with advanced methodologies such as
cryo-TEM, ET, and LP-TEM has expanded our ability to
directly visualize dynamic molecular interactions and
phase transitions at the nanoscale, establishing crucial
correlations between structural features and material
properties.

The emergence of Al integration with TEM represents a
pivotal development in addressing the inherent limita-
tions of traditional analytical approaches. Neural
network-based methods have demonstrated promising
capabilities in enhancing low-contrast imaging, enabling
automated feature extraction, facilitating 3D reconstruc-
tion, and analyzing dynamic processes in beam-sensitive
soft materials. These Al-augmented microscopy techni-
ques have significantly improved spatiotemporal resolu-
tion while alleviating electron beam damage, allowing for
more comprehensive characterization of self-assembled
structures than previously attainable. Despite these
advances, several challenges remain in fully realizing the
potential of Al-integrated TEM analysis. A pivotal chal-
lenge involves establishing the computational infra-
structure necessary to process increasingly large and
complex datasets. Modern TEM modalities, particularly
4D-STEM and in-situ LP-TEM with advanced detectors,
generate voluminous data (often hundreds of gigabytes to
terabytes per hour), demanding high-throughput storage
solutions (e.g., solid-state drives arrays configured in
redundant array of independent disk configurations) and
robust data management frameworks. To fully exploit
these capabilities, efficient data processing and ML model
execution heavily rely on graphics processing unit (GPU)-
accelerated pipelines, typically implemented using fra-
meworks such as PyTorch or TensorFlow*>*?, For
example, ML inference for tasks like image segmentation
can achieve near real-time speeds (seconds per large
frame) on NVIDIA GTX Titan Volta GPUs*?, while
training has also been successfully performed using Tesla
K80 or Quadro RTX 5000 GPUs depending on model
complexity and dataset size®. Additionally, scalable
computing infrastructures, such as edge computers con-
nected to high-performance computing clusters, have
been proposed to support real-time feedback, automated
control, and atomic-level simulations in ML-integrated
workflows®®. Thus, a scalable integration of software fra-
meworks, hardware accelerators, and data I/O archi-
tectures is essential for advanced Al-augmented electron
microscopy.

The preparation of appropriate training datasets with
corresponding masks for custom prediction tasks is
complicated by the minimal intensity differences between
organic samples and backgrounds in soft materials.
Unbalanced datasets present substantial challenges in
training high-accuracy predictive models, requiring care-
ful consideration of sampling strategies and class
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weighting during model development®. Furthermore,
robust evaluation metrics are essential to assess whether
trained models successfully perform their intended pre-
diction tasks in complex hierarchical systems. Looking
forward, the convergence of TEM and AI offers trans-
formative opportunities for advancing soft matter self-
assembly research, improving our ability to design
responsive, adaptive, and multifunctional materials. The
development of comprehensive automated systems—from
molecular design through experimentation to post-
processing and analysis—coupled with integrated ML-
driven modules, opens new avenues for predicting mate-
rial properties and refining existing materials through
targeted physicochemical data collection.

The next generation of ML-integrated TEM platforms
will likely feature enhanced capabilities for real-time

analysis, reduced electron beam damage, improved con-
trast for organic polymer materials, and more sophisti-
cated multidimensional data interpretation. These
developments will be crucial for elucidating the complex
assembly pathways and structure-property relationships
that govern functional behavior in soft materials, ulti-
mately accelerating the discovery and development of
next-generation functional materials for addressing
emerging global challenges.

Challenges and opportunities

Cryo-TEM, while originating as a methodology for
analyzing biological specimens, has undergone a
remarkable evolution to become a critical analytical tool
for characterizing functional materials across diverse
fields (Fig. 4a)>*. Notably, it now plays an indispensable
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role in analyzing fuel cells, lithium-ion batteries, and
various energy storage materials (Fig. 4b)*°. The expo-
nential growth in energy materials studies utilizing cryo-
TEM demonstrates its effectiveness for non-destructive,
solution-state structural analysis without traditional
sample preparation artifacts.

As nanotechnology advances and material diversity
expands, we find ourselves at a critical juncture where the
Fourth Industrial Revolution, space exploration initiatives,
and climate change adaptation are driving unprecedented
materials innovation. This technological convergence
necessitates comprehensive investigation of  self-
assembled soft materials under extreme conditions and
a fundamental reframing of associated theoretical frame-
works (Fig. 4c). Understanding how hierarchical soft
materials behave under extreme temperatures, pressures,
radiation environments, or microgravity conditions will
be essential for developing next-generation functional
materials that can meet emerging global challenges. The
exploration of these frontier conditions will inevitably
generate massive datasets that far exceed traditional
analytical capacities. ML-enhanced TEM will therefore
emerge as an essential innovative technology for proces-
sing and interpreting this vast volume of complex, mul-
tidimensional big data. The integration of ML algorithms
with advanced TEM represents not merely an incremental
improvement in characterization capabilities, but a para-
digm shifts in how we approach materials analysis and
discovery.

The ultimate goal lies in creating comprehensive Al-
integrated solutions that cross-validate TEM imaging data
with complementary characterization techniques such as
X-ray scattering, spectroscopy, and mechanical testing.
Such a unified materials informatics platform could sig-
nificantly transform the field by not only characterizing
existing materials but also suggesting design modifica-
tions and predicting properties based solely on imaging
data. This capability would dramatically accelerate mate-
rials development cycles, enabling researchers to rapidly
identify promising candidates for specific applications
without extensive trial-and-error experimentation. In
summary, we anticipate that overcoming the limitations
of conventional TEM through Al-assisted automation,
multi-modal imaging, and computational integration will
fundamentally redefine the paradigm of soft matter self-
assembly research. Through the synergistic application of
ML, high-throughput microscopy, and in-situ imaging,
researchers will unlock novel functionalities in materials
design, drug discovery, and energy storage technologies.
This convergence of advanced TEM with AI will enable
exceptional precision in understanding and designing
hierarchical nanostructures, ultimately accelerating solu-
tions to society’s most pressing challenges through tai-
lored materials development.
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