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ABSTRACT: Machine learning (ML) is transforming material research and
development (R&D), driving a fundamental shift from experience-driven
approaches to data-driven frameworks. This review systematically highlights
the transformative breakthroughs brought by machine learning throughout the
entire process of intelligent material innovation. And it
comprehensive full chain analysis, from atomic scale design to macroscopic
applications, emphasizing multi-scale modeling that combines physical
mechanisms with data-driven methods, running through all stages of material
innovation. In the design phase, ML promotes performance-oriented structural
optimization through inverse design systems and generative models. For
synthesis and processing, closed-loop autonomous systems and green
controllable synthesis strategies significantly improve efficiency and
sustainability. In terms of advanced representation, ML-powered techniques
can help proactively tackle key challenges of complex structures. Performance
prediction models enable precise correlations between material properties and
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extreme properties (such as auxiliary structures) by revealing catalytic descriptors and decoding biological interface
mechanisms. Ultimately, these ML-driven advancements are unlocking practical applications in key fields, such as energy,
biomedicine, environmental remediation, and structural engineering. This article aims to provide a comprehensive
technological roadmap for the next generation of smart material development by integrating cross scale insights and
autonomous strategies, and to outline future directions for this rapidly developing paradigm.

KEYWORDS: nanomaterial design, inverse design, autonomous synthesis, machine learning, intelligent characterization,

multi-scale modeling

1 Introduction

The traditional paradigm of material research and development
(R&D) has long been constrained by bottlenecks, including high
trial and error costs, ambiguously defined structure-property
relationships, and disconnected cross-scale mechanisms [1-7].
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With rapid breakthrough in artificial intelligence (AI) technology,
machine learning (ML) is deeply reconstructing the entire chain of
material research and development. The full chain design of
machine learning, from atomic scale structural design to
macroscopic device performance optimization, forming a closed-
loop system of “data-driven design- autonomous synthesis-
intelligent characterization- application landing” [6—13]. In the field
of intelligent design, ML has promoted innovation in the reverse
design paradigm. For example, reinforcement learning-based
Monte Carlo tree search achieves global optimization of protein
ultra compressed structures, whereas generative models such as
ViNAS Pro construct a virtual material library using standardized
protein data bank (PDB) annotations, thereby supporting reverse
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mapping from target performance to candidate structures [14, 15].
Furthermore, cross scale modeling approaches, such as physical
LassoLars interaction potential (PLIP)-based quantification of
interface polarization effects, further effectively couple physical
mechanisms to constraint and guide the generation of mesoscopic
structures [16, 17].

The breakthroughs in the intelligent synthesis focus on achieving
a balance between efficiency and sustainability [18—21]. Closed loop
autonomous systems, such as microfluidic Bayesian optimization
(BO) platforms, have compressed the quantum dot synthesis cycle
to the minute level and achieved cross material system process
transfer through transfer learning (TL) [22, 23]. Green and
controllable preparation relies on multi-objective optimization
algorithms (such as NSGA-II Pareto front) to synchronously
improve yield, environmental compatibility, and scalability. For
example, continuous flow synthesis has successfully produced
kilogram-level antibacterial ZnO nanoparticles (NPs) [2, 24].

Advanced representation technologies are breaking through the
limits of spatiotemporal resolution by intergrating ML [25, 26]. Real-
time analysis of dynamic interface behavior (such as the “endpoint
fusion” growth mechanism in concave nanocubes) has been
enabled by in-situ electron microscopy combined deeply with ML
(such as U-Net liquid-phase nanoparticle tracking) [27, 28].
Intelligent morphology analysis (such as spectral inversion engine
gold nanorod (AuNR) spectral morphology analysis (SMA)) can
directly extract geometric parameters from absorption spectra,
replacing traditional time-consuming microscopic statistics [26, 29].
However, comprehensive three-dimensional (3D) reconstruction
and dynamic evolution quantification of complex systems still
depend on the integration of multimodal data (such as four-
dimensional scaning transmission electron microscopy (4D-STEM)
combined with Raman spectroscopy) [30, 31].

The innovation of performance prediction models lies in their
ability to decode interpretable structure-activity relationships
[32-36]. For example, catalytic descriptors (such as the d-band
center and AG*ooy adsorption energy) are quantified to trace the
origin of activity through SHapley Additive exPlanations (SHAP)
analysis [37, 38]. Research on understanding biological interface
mechanisms (such as GraphBNC framework) reveals the dynamic
evolution of protein coronation and clarifies delivery pathways
within the main conductor [39, 40]. For the prediction of extreme
material properties, ML enables potential function simulation for
negative thermal expansion materials, and crosses the scale gap of
traditional simulations [31, 41]. Together, these breakthroughs
provide trustworthy design foundations for application scenarios
ranging from energy storage devices and targeted drug delivery to
environmental remediation materials and lightweight structures.
Nevertheless, cross-scale correlation mechanisms (such as atomic
defect evolution and macroscopic fracture behavior) remain the
core challenge [42, 43] (Fig. 1). This article aims to integrate
innovations across the entire chain and promote the next

generation paradigm shift in material research and development
towards “physical mechanism-driven, cross-scale closed loop, and
intelligent system autonomy”.

2 New paradigm of intelligent design

The new paradigm of intelligent design marks a fundamental shift
in material research and development from traditional “trial and
error” approaches toward “goal-driven”, with the core aim of
constructing a reverse mapping of “performance-structure-process”
[24, 28, 44—61]. This paradigm shift is developing rapidly along two
mutually supportive main lines (Fig. 2): One is to build an efficient
and robust reverse design system to directly generate the optimal
structure and process parameters for target performance, and the
other is to develop a cross scale simulation-driven computational
framework to provide deep physical mechanism support and
verification for reverse design, which jointly promote materials
research and development into the intelligence era.

2.1 Reverse design system

The architecture of the reverse engineering system elucidates the
deep coupling mechanism between “performance-oriented physical
verification” and “virtual base innovation engine”, highlighting the
core paradigm shift of ML-driven material development chain.
Within this framework, the reverse design system addresses the
challenge of “how to accurately achieve predefined goals”, whereas
the generative model overcomes the limitation of “how to create
unknown possibilities”.

2.1.1 Performance-oriented structural synthesis

The performance-oriented structure generation field of reverse
system design presents a development trend of multi-scale
collaborative innovation. Lutz et al. [14] innovatively proposed a
reinforcement learning-driven  “top-down”  protein  design
paradigm, employing Monte Carlo tree search to globally optimize
protein conformation under complex geometric constraints
(Fig. 3(a)). This approach successfully constructed ultra compressed
icosahedral and disc-shaped nanopore structures not found in
nature. Its capability to precisely locate spatial arrangements of
surface functional domains opens up new paths for vaccine design.
The global optimization concept was extended to the field of chiral
optical materials in Dai et al’s research (Fig. 3(b)) [62]. The
constructed closed-loop ML framework established a quantitative
mapping between synthesis parameters and circularly polarized
luminescence performance (glum value of 0.15) through a decision
tree algorithm, revealing the multivariate structure-activity
relationship of solvent ions in synergistic modulation of assembly
chirality, and realizing the reverse mapping from performance
targets to synthesis parameters. Furthermore, Jiang et al. [63]
developed a “data-driven evolution” paradigm by integrating

Core challenge

Synthesis process link

Advanced characterization CTOSS-S(}ale
techniques mechanism
correlation

Performance prediction
model

Physical mechanism-
driven

Cross-scale closed loop

Autonomous intelligent system

Figure1 Overview of the full chain process and ML methods for synthesizing nanomaterials.
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Figure2 Design schematic diagram of reverse engineering system (performance-oriented and cross scale simulation-driven).

literature mining generated multi-enzyme genotype phenotype
databases with quantum mechanics/molecular ~mechanics
(QM/MM) path optimization algorithms (Fig. 3(c)). This enabled
the reverse engineering of MnCuCo,0O), solid solution nanozymes,
overcoming bottlenecks caused by multi-enzyme activity inhibition
(increasing the turnover number K, by 3-8 times), demonstrating
the advantages of evolutionary algorithms for cross scale reverse
design.

The development of platforms, concepts, and models has greatly
strengthened the complex reverse design process mentioned above.
For example, the VINAS Pro platform developed by Wang et al.
[15] provides critical infrastructure by employing standardized PDB
format nanostructure annotations, enabling machine-readable
atomic level descriptor computation. By combining this with the
AutoNanoML toolkit to construct a virtual nanolibrary, the
platform significantly accelerates the closed-loop iteration of
forward prediction of “structural properties” and backward
generation of “performance structures”. This platform-centered
thinking approach has been deepened in Li et al.’s multi-objective
security design study [64]. They established a Pareto matrix for the
phototoxicity of sunscreen factors using a random forest (RF)
model, enabling direct reverse generation of TiO, nanoparticle
parameter combinations that satisfy sun protection factor (SPF) >
30 and reactive oxygen species (ROS) < 5% (such as (001) aspect
ratio > 60%), quantifying the trade-off relationship between
performance conflicts. Similarly, Cui et al. [65] leveraged the
CatBoost model to achieve rapid reverse screening of two-
dimensional (2D) material work functions (103 times faster than
density functional theory (DFT) calculations). In combination with
SHAP analysis, the structure performance mechanism of electronic
structure of the spatial group (Pmn2,) was analyzed, guiding the
screening of high-performance organic light-emitting diode
(OLED) anode materials with a transmittance > 90%. In the end,
Kioumourtzoglou et al. [66] proposed the concept of
“nanomaterials-as-a-service”  (NaaS), achieving on-demand
synthesis (batch difference < 5%) via a Bayesian optimization-
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driven microfluidic platform. This shortened the optimization cycle
for silver nanoplate synthesis to 48 h, marking an engineering level
transformation  from reverse design toward intelligent
manufacturing.

2.1.2  Multi-scale modeling-driven methodology

ML is driving the evolution of material simulation from a single
scale approach to a multi-scale coupled paradigm, providing
comprehensive physical support throughout the entire reverse
design. For instance, PLIP developed by Salazar et al. [17] accurately
quantifies the surface polarization effect in zinc oxide nanocrystals
(NCs) at the atomic scale for the first time. This work revealed that
interfacial energy dominates the nucleation of metastable body-
centered tetragonal (BCT) phases under deep undercooling
conditions (critical size < 50 atoms), providing key physical
constraints for the generation of mesoscopic structures. However,
analyzing scale structures experimentally still faces the challenge of
incomplete diffraction information for nanocrystals. To addressing
this bottleneck, Guo et al. [67] proposed the diffusion model
PXRDnet, which directly reconstructs 10 A scale atomic structures
(coordinate error < 7%) from low signal-to-noise ratio diffraction
patterns (Q < 8.2 A using Langmuir dynamics (Fig. 3(d)). Its end-
to-end generative mechanism effectively compensates for peak
broadening effect induced by small dimensions. The integration of
this model with Salazar’s work forms a closed loop of “mechanism
simulation structural reconstruction”. The PLIP function validates
the energy rationality of the generated structures, whereas PXRDnet
produces experimentally validated structural output for the study of
nucleation pathways.

When system complexity increases to disordered nanoclusters,
the ML MotEx method developed by Anker et al. [68] quantifies
the contribution weight of structural motifs within pair distribution
function (PDF) data using SHAP values, enabling motif recognition
of 256 atomic systems with a 1015 fold increase in computational
efficiency. This pre-screening mechanism of this technology
complements the probability generation of PXRDnet: The former
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Figure3 (a) Top-down design strategy and computational pipeline flowchart. Reproduced with permission from Ref. [14], © Lutz, I. D. et al. 2023. (b) Prediction
decision distribution diagram. Reproduced with permission from Ref. [62], © Wiley-VCH GmbH 2023. (c) Data-driven evolutionary design process flowchart for multi-
enzyme nanozymes. Reproduced with permission from Ref. [63], © American Chemical Society 2024. (d) PXRDnet structure prediction (the leftmost column shows the
real crystal structure, whereas the other columns show the reconstructed crystal structure of PXRDnet from simulated nanocrystal powder X-ray diffraction (PXRD)
modes with diameters of 10 and 100 A). Reproduced with permission from Ref. [67], © Guo, G. B. et al. 2025.

provides important sampling guidance for the Langmuir dynamics
of the latter, whereas the MP-20-PXRD dataset of PXRDnet can
optimize the initial model construction of ML MotEx, jointly
solving the challenge of uncertainty transfer across scales. At the
mesoscale, Chen et al. [69] designed a physics-informed deep
homogenization neural network (DHN) that solves the
Gurtin-Murdoch equation incorporating surface energy through
an adaptive weighting strategy, accurately predicting a 45%
modulus attenuation from a 30 nm aperture. By explicitly encoding
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interfacial physics, the DHN extends Salazar’s atomic level interface
effect modeling to the continuous media, whereas its Fourier
morphology descriptor provide a universal interface for Gupta’s
anisotropic system modeling.

For complex assembly systems, the computational approach for
structure generation of anisotropic particles (CASGAP) algorithm
developed by Gupta et al. [70] integrates the von Mises—Fisher
distribution to enable probabilistic control over the orientation
ordering of non-spherical particles (such as the optimal time
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domain structure with f,, = 0.5). The mapping of “processing
parameters-microstructure” established in this work corresponds
to Salazar’s “undercooling—crystal selection” mechanism across
scales, while the generated structures can be directly used as input
boundary condition for the DHN to verify nanocomposite
properties. However, current cross scale integration still faces three
challenges: (1) The atomic reconstruction of PXRDnet requires the
fusion of ML MotEx’s dynamic motif tracking capability. (2) The
random pore modeling in DHN requires coupling with the
morphology probability generation provided by CASGAP. (3) The
polarization effect of PLIP potential function should be embedded
in the mesoscopic constitutive models. Addressing these key issues
would enable a full chain simulation of “atomic nucleation
mechanism cluster structure evolution mesoscopic performance
response”, thereby promoting the reverse design from empirical
exploration to a physics-driven paradigm.

2.2 Generative design model

2.2.1 Construction of virtual material library

ML-driven virtual material libraries are overcoming the static
limitations of traditional databases by establishing a “design
validation” loop through standardized structural coding and cross
scale validation mechanisms. The VINAS Pro platform developed
by Wang et al. [15] pioneered a machine-readable nanostructure
annotation paradigm, converting 14 types of nanomaterials (such as
gold nanoparticles and carbon nanotubes (CNTs)) into
standardized PDB files (Fig. 4(a)). This atomic level structure
encoding (including chemical bonds/coordinates) serves as a
precise input for molecular dynamics simulations. Its key
innovation include: (1) integrating SMILES ligand labeling to
achieve surface modification digitization; (2) generating virtual
nanolibraries and predicting multiple properties (such as biological
activity) using the AutoNanoML modules; and (3) employing the
visual molecular dynamics (VMD) visualization tool to facilitate
structure performance correlation analysis. This platform aims to
solve the core bottleneck of the lack of machine readability in
nanomaterials, but the reliability of the virtual library depends on
experimental verification. To tackle this, Choi et al. [71] developed a
hydrogel particle analysis system.

The current technology integration needs to overcome three
barriers: (1) The PDB annotation of VINAS Pro needs to be
expanded to multiphase soft material systems such as hydrogels. (2)
Fluorescence coding rules for hydrogels should be integrated into
the structure generation constraints of the virtual database. (3) The
attention mechanism of YOLOvV5 can optimize the visualization
module of VINAS Pro. This multi-level encoding system of “atomic
coordinate micrometer pattern” will promote the evolution of
virtual material libraries from a single scale to a cross scale digital
twin paradigms, providing a self validating infrastructure for
generative design and development. As discussed in the following
section, the establishment of this cross scale digital twin
infrastructure paves the way for the rational design of complex
biomimetic and heterogeneous material systems.

2.2.2  Biomimetic/heterogeneous structure design

Based on the digital infrastructure of virtual material libraries, ML
has further promoted the transformation of biomimetic structure
design from experience-based imitation to mechanism-based
prediction mode, enabling precise control of multi-scale
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heterogeneous interfaces [72, 73]. For example, the water lily
inspired photothermal actuator developed by Jiang et al. [74]
achieves real-time feedback of the action state of the resistance
signal and combines it with a convolutional neural network to
realize object recognition. This work reveals the structure-activity
relationship between biomimetic structures and electrical signal
response, however, its adaptability in complex environments
remains constrained by the stability of heterogeneous interfaces. In
response to this challenge, Abay et al. [75] proposed a hybrid scale
electronic textile strategy (Fig. 4(b)). The macroscopic thermally
bonded polyester layer provides mechanical stability, whereas the
microscopic spun lace cellulose layer forms a fluffy porous sensing
network. A 3D conductive heterojunction interface is construted by
spraying MXene/graphene oxide silver nanowires (GO AgNWs),
decoupling temperature/pressure signal via ML with > 98.9%
accuracy. This work proves that the synergistic effect between 2D
MXene sheets and one-dimensional (1D) AgNWs is the key to
inhibit stacking and improve the sensing sensitivity (33 kPa™). Its
hierarchical assembly logic and cascade drive of hydrogels
establishes a scale bionic echo.

At the molecular scale heterojunction interface design level,
Jeindl et al. [76] integrated DFT calculations with ML to analyze the
nonintuitive assembly mechanism of functionalized molecules on
Ag (111) surface (Fig. 4(c)). Their findings revealed that the size of
the molecular skeleton determines the selection of assembly motif
(B,O/A,0/P,0) by regulating three antagonistic driving forces: the
adsorbate substrate interaction (E,q,), the intermolecular interaction,
(Einp)» and the steric hindrance (E;.). The quantitative model they
established is

AG = (xEﬂdS +/3Eim + yE\lcn'c(a7 ﬂ’ y € [0’1]) (1)

This model provides molecular level design principles for
enhancing interfacial strength between electronic textiles and
hydrogels. Specifically, the anchoring mechanism of MXene on
polyester fiber is similar to that of quinone molecules competing for
adsorption sites on silver surface, whereas the interpenetrating
molecular chain design of hydrogel avoids the steric effect.

The current integration effort needs to overcome three barriers
(Fig. 5): (1) The molecular scale force balance model should be
embedded within the optimization algorithm used for designing
hydrogel cross-linking network. (2) The generation of porous
structures in electronic textiles requires the incorporation of a
photothermal driving strategy inspired by water lily actuators. (3)
The synthetic data augmentation technology of YOLOV5 can
improve the noise robustness of molecular assembly prediction.
This cross scale biomimetic design framework of “molecule micro-
nano macro” quantifies the mechanism of energy/information
transmission in nature through ML, providing a universal
paradigm for heterogeneous interface engineering for the next
generation of intelligent materials.

3 Synthesis process optimization

ML-driven synthesis process optimization is shifing from discrete
parameter tuning to a paradigm of full chain autonomy and
sustainability [23, 77-86]. This section systematically analyzes the
two core paradigms: closed-loop autonomous synthesis and green
controllable backup, highlighting their breakthroughs in traditional
R&D bottlenecks through cross scale closed-loop architecture and
multi-objective collaborative mechanisms. The former enables an
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Figure4 (a) Visualization of representative nanomaterials in the database (nanomaterials on ViINAS Pro belong to 14 material types, including gold nanoparticles, silver
nanoparticles, platinum nanoparticles, palladium nanoparticles, Buckminster fullerenes, carbon nanoparticles, carbon nanotubes, dendritic macromolecules, DNA origami
nanoparticles, metal oxide nanoparticles, quantum dots, cyclic peptide nanotubes, two-dimensional nanomaterials, and microplastics). Reproduced with permission from
Ref. [15], © Wang, T. et al. 2024. (b) Schematic diagram of temperature and pressure detection by biological skin sensing system and artificial sensing system. Reproduced
with permission from Ref. [75], © Elsevier Ltd. 2025. (c) Comparison of theoretical low energy electron diffraction (LEED) patterns (red) obtained through kinematic
diffraction theory with STM images (blue) and FFT fitting of LEED images. Reproduced with permission from Ref. [76], © Jeindl, A. et al. 2021.
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energy/information transmission mechanism in nature through ML.

intelligent upgrade from molecular mechanism analysis to
instruction-driven manufacturing, whereas the latter constructs
new standards for green synthesis under the triple constraints of
performance and environment economy, jointly accelerating the
evolution of material manufacturing into an intelligent ecosystem
of “on-demand design, autonomous execution, and sustainable
output”.

3.1 Closed loop autonomous synthesis

3.1.1 Robot experimental system

Robot experimental systems reconstruct the material synthesis
paradigm through a “perception decision execution” closed loop,
with their technological breakthrough reflected in cross scale
mapping and advances in universality ability.

In the field of material intelligence research and development,
robot experimental systems are driving a paradigm shift in
synthesis by multidimensional technological innovation. For
example, the “artificial chemist” system developed by Epps’s team
was the first to construct a closed-loop architecture of “microfluidic
reactor in-situ spectral monitoring Bayesian optimization” [22],
achieving multi-objective collaborative optimization of quantum
dot bandgap, quantum yield, and emission linewidth. Its knowledge
transfer mechanism doubled the optimization efficiency for new
precursor system and significantly reduced batch differences
(Fig. 6(a)). The core breakthrough of this system lies in establishing
a cross scale mapping relationship between synthesis parameters,
structural features, and optoelectronic performance. By using
Bayesian optimization to analyze parameter spaces with more than
7 dimensions, the negative correlation contradiction between
photoluminescence quantum yield (PLQY) and low polydispersity
(Epwin) is synchronously regulated, compressing the single
experimental period to 2 min. However, its adaptability to more
complex nanosystems such as core-shell structures remains

77w | Sci@pen
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constrained by the precision of microscopic characterization
methods.

To address the bottleneck of material universality, Fanourgakis’s
team proposed a new paradigm based on atomic type descriptors
[87], which replaces traditional structural descriptors with chemical
essential features (such as hybrid states), allowing ML models to
migrate across different material systems (such as metal-organic
framework (MOF) to covalent organic framework (COF))
(Fig. 6(b)). This method reduces the data requirement for gas
adsorption prediction to 1/10 of that needed by traditional
approaches. Its universal design complements the knowledge
transfer mechanism of “artificial chemists”. The former provides a
theoretical basis for cross material characterization, whereas the
latter achieves closed-loop optimization of synthesis processes.

In the dimension of stability optimization, Jing et al. [88]
achieved a key breakthrough through ML-guided ligand
engineering (Fig. 6(c)). Based on Bayesian optimization, they
precisely identified the optimal synthesis window for the
zwitterionic ligand ASC-16 within two rounds of iteration. This
enabled the realization of a PLQY of 192% for ytterbium-doped
perovskite quantum cutting materials, while simultaneously
maintaining extreme environmental stability. This work deepens
the structure-activity relationship down to the molecular scale
(sulfonic acid coordination strength and lattice stability), and its
ultra efficient optimization strategy further validates the value of
closed-loop systems in addressing the “stability performance” trade-
off.

Finally, Li et al. [89] integrated the above technology framework
into a full stack intelligent operating system (material acceleration
operation system (MAOS)), constructing a “virtual reality (VR)
training collaborative robot reinforcement learning” trinity
architecture to achieve on-demand synthesis of quantum dots
(Fig. 6(d)). Within this system, reinforcement learning is used to
invert the theory of nucleation dynamics, shortening the time of a

Nano Research, 2025, 18, 94908095
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Figure6 (a) Schematic diagram of an intelligent modular fluid microprocessor developed for autonomous synthesis path discovery and optimization of colloidal
quantum dots, along with a detailed process flowchart illustrating its operation. Reproduced with permission form Ref. [22], © WILEY-VCH Verlag GmbH & Co. KGaA,
Weinheim 2020. (b) Application examples of RF in CH, at P = 5.8 bar and CO, at P = 0.5 bar. Reproduced with permission from Ref. [87], © American Chemical Society
2020. (c) Optimizing the ML and BO active learning workflow of PLQY for NCs, starting from LHS initial sampling, and then conducting model training to achieve BO
sample extraction. Reproduced with permission from Ref. [88], © Wiley-VCH GmbH 2024. (d) Schematic diagram of MAOS and its integrated modules, including
human-computer interaction, hardware control interface, analyzer, and AT optimizer. Reproduced with permission from Ref. [89], © Li, J. G. et al. 2020.

single experiment to 1/20 of that of traditional methods, marking
the transition from closed-loop autonomous synthesis to
instruction-driven manufacturing. However, the current challenges
remain, including achieving cross system transferability of multi-
component synthesis strategies, integrating high-temperature and
high-pressure platforms, and precisely modeling complex material
degradation mechanisms, all of which present key directions that be
urgently addressed by the next generation smart research and
development systems.

3.1.2  Microfluidic real-time decision-making
In closed-loop autonomous synthesis systems, the deep integration

of microfluidic technology and ML is promoting real-time decision-
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making capabilities towards molecular mechanism analysis. Pan et
al. [90] developed a machine learning framework combining
artificial neural networks (ANN) and partial least-squares
regression (PLSR) to tackle the core challenge of non-characteristic
spectral analysis during the synthesis of platinum nanoparticles. By
dynamically correlating subtle changes in ultraviolet (UV) spectra
with reaction processes, the framework enables real-time
monitoring of Pt concentration in ionic liquid solvent systems with
an error rate less than 4%. This work reveals for the first time the
disruptive influence of solvent cation fine-tuning (1-butyl-1-
methylpyrrolidinium triflate (BMPYRR-OTf) and 1-butyl-2-
methylpyridinium triflate (BMPY-OTf)) on reaction pathways.
Pyrrolidine cations achieve a high yield of 94% through ordered

(8) 27 wa | Sci@pen
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assembly pathways. Pyridine cations trigger disordered side
reactions, causing the yield to drop sharply to 10%. This discovery
combines the unique advantages of convex microfluidic platforms
and ML in capturing the kinetics of solvent effects, converting
transient reaction order changes that are difficult to capture with
traditional offline characterization into quantifiable decision
parameters.

Landry’s team expanded the dimension of real-time decision-
making from the perspective of biological nano interfaces [91].
They developed a random forest model that accurately predicts the
adsorption tendency of proteins on carbon nanotubes, achieving an
accuracy of 78% by decoding implicit structural flexibility features
in protein sequences, such as the solvent exposed glycine content
and the proportion of non-secondary structural domains. This
model not only replaces high cost mass spectrometry experiments
for screening, but also clarifies the structure-activity relationship
mechanism. Flexible proteins match the curvature of carbon
nanotubes through adaptive deformation, whereas rigid structures
dominated by beta folding inhibit adsorption. In line with the
methodology demonstrated in Pan’s work [90], both studies use
ML to solve the challenge of “featureless response”. The former
analyzed the synthesis process of nanoparticles without plasma
resonance peaks, and the latter predicted the adsorption behavior of
proteins without clear optical labels. The two studies jointly
constructed a closed-loop decision chain of “real-time monitoring
mechanism inversion decision optimization”.

The current challenge lies in the coupled modeling of multi-scale
dynamic processes. Firstly, the instantaneous impact of solvent
molecule dynamic arrangement on the nucleation energy barrier in
Pt synthesis has not yet been incorporated into real-time decision-
making. Secondly, the conformational relaxation dynamics that
occur during protein adsorption need to be combined with
molecular simulations to further improve prediction accuracy.
Moving forward, it is necessary to develop ML architectures that
span physical domains and cansynchronously integrate multimodal
data streams ranging from chemical kinetics to biomolecule
behavior in microfluidic systems. Such advances will enable closed-
loop autonomous decision-making, thereby bridging up the gap
from nano synthesis to biological interface, engineering and driving
the development of a new generation of smart manufacturing
systems.

3.2 Green controllable backup

The core of green controllable synthesis is to achieve a Pareto
frontier breakthrough of “performance environment economy”
empowered by ML. The innovation covers macro production
optimization and micro precision regulation.

3.2.1 Multi-objective optimization of processes

In the field of green and controllable material preparation, ML is
balancing performance, sustainability, and scalability through multi-
objective collaborative optimization mechanisms. Jose et al. [92]
pioneered an integrated platform combing a high shear
microreactor and a multi-objective algorithm (Thompson sampling
efficient multi-objective (TSEMO) algorithm) high-throughput
analysis integrated platform, achieving kilogram level continuous
synthesis of antibacterial ZnO nanoparticles (spatiotemporal yield
of 62.4 kg-m™-day™) (Fig. 7(a)). This work optimized both yield and
antibacterial activity (comparable to commercial products) with

(B 7~ 2w | Sci@pen
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fewer than 100 experiments, revealing that the morphological
functional ~structure-activity relationship of nano star/rod
structures that synergistically improve antibacterial efficiency via
increased surface area and anisotropy. The breakthrough lies in
incorporating  green chemistry principles (low solvent
consumption) and engineering scaling requirements (numbering
strategy) into the optimization objectives directly, but it requires
combining the steep Pareto front in high-yield areas with crystal
growth simulations to improve accuracy.

Mekki-Berrada et al. [93] proposed a two-step optimization
framework to address micro precision control challenges (Fig. 7(b)).
In this approach, BO quickly locks the target plasma spectrum
(such as the peak of 520 nm), whereas deep neural network (DNN)
inversion reveals the nonlinear impact of sodium citrate
concentration on peak shift (with a contribution rate of 68%). This
strategy achieved spectral matching within 120 experiments,
demostrating an efficiency 10 times higher than traditional
screening. Its human-machine collaborative design mode (visual
BO path and DNN feature weight) provides a new paradigm for
on-demand optical material development. Complementarity with
Jose’s macro production optimization, this work highlights
advances in customization of micro optical properties.

Building on this direction, Wahl’s team further advanced multi-
objective optimization towards high-dimensional complex systems
(Fig. 7(c)) [94]. Their closed-loop system driven by Bayesian
optimization precisely locates the dual phase interface in an
octahedral alloy system (Au, Ag, Cu, Co, Ni, Pd, Sn, and Pt),
successfully synthesizing a six phase nanoheterostructure (diameter
< 50 nm) with significantly enhanced interface stability when lattice
mismatch < 5%. This study overcomes the limitations of chemical
intuition and verifies the synergistic ability of the algorithm for
multiple objectives of composition structure stability with a success
rate of 18/19 iterations. Nonetheless, predicting metastable phase
dynamics and scaling up production to kilogram remain key
challenges for practical deployment.

In response to environmental governance needs, Al-Gheethi et
al. [95] developed a green synthesis strategy optimized by an
adaptive neuro-fuzzy inference system (ANFIS). Using watermelon
peel extract as a sustainable precursor, they synthesized defective
ZnO nanoparticles (eco-green (EG)-ZnO NPs), and the adaptive
neural fuzzy system (R* = 0.9967) was used to optimize the
photocatalytic ~ degradation ~ conditions of  metronidazole
(170 mgL?, pH = 5), achieving a removal rate of 78.14% and
toxicity elimination (EC50 increased by 5 times). Its core
contribution lies in the establishment of a quantitative chain from
defect density (photoluminescence (PL) peak intensity ratio) to -OH
yield and degradation efficiency, but the interference of actual water
anions requires the model to enhance environmental robustness.

Shao et al. [96] focused on resource recycling by utilizing waste
glass powder (WGP) as a carrier for the in-situ growth of CNTs via
microwave pyrolysis. They innovatively applied image enhanced
clustering algorithm to quantitatively evaluate dispersion (clustering
index < 0.15). Through the ML, they established a correlation
among growth parameters, dispersion quality, and the resulting
structure—activity relationship, which reduced the electrical
resistivity of conductive cement by 80%. This work highlights the
dual potential for “waste value-added performance improvement”,
along side Al-Gheethi’s research, that combining green precursor
selection with process optimization algorithms can systematically
reduce the environmental footprint of the preparation process.

Nano Research, 2025, 18, 94908095
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Figure7 (a) Development methods utilizing various acceleration tools and agile development strategies. Reproduced with permission from Ref. [92], © Elsevier B.V.
2021. (b) Algorithm framework for high-throughput experimental circuits. Reproduced with permission from Ref. [93], © Mekki-Berrada, F. et al. 2021. (c) The
performance results of the single interface particle collection algorithm were simulated using existing datasets in two different scenarios with different batch sizes, and
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Wahl, C. B. etal. 2021.

3.2.2 Small sample synthesis stratege

In the field of green controllable backup, ML is breaking through
the constraints of small samples through innovative algorithms to
achieve precise design and risk prediction of material synthesis.
Mahmood et al. [97] developed a multiple imputation using
chained equations (MICE) to solve the micro control problem of
the morphology control of the silicon shell of gold nanorods, and
constructed a highly robust decision tree model using only 30 sets
of experimental data. This work innovatively established a
quantitative relationship between the localized surface plasmon
resonance/transmission surface plasmon resonance (LSPR/TSPR)
spectral shift (peak width difference > 38 nm) and SiO, coating
morphology (leaf-like/uniform), and achieved accurate synthesis of
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the target structures through a reverse design workflow. The core
breakthrough is to convert the in-situ spectral feedback into
morphology decision basis, but the complexity of the process
requires the algorithm to further integrate prior knowledge of
reaction kinetics to compress the optimization cycle.

Cai’s team proposes a TL-driven cross domain knowledge reuse
framework for porous material screening scenarios [98]. By sharing
geometric/energy descriptors (such as pore size distribution of
4-6 A and equivalent adsorption heat) between the MOF database
(over 50,000 structures) and the COF system (over 7000 structures),
the Xe/Kr separation performance (R* > 0.85) can be predicted with
only 300 COF samples, reducing the data requirements by 95%
compared with traditional methods. This strategy aligns the feature
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space through the maximum mean difference (MMD) domain
adaptation technique, revealing that the adsorption enthalpy
difference (SHAP value > 0.7) is the selective dominant factor. Its
descriptor generalization mechanism complements Mahmood’s
research. The former reuses cross material knowledge, whereas the
latter mines hidden features of a single system.

Chatterjee et al. [99] further expanded the small sample
paradigm to the field of nanosafety assessment. The quantitative
cross reading algorithm they developed is based on Euclidean
distance and kernel function similarity measurement (Gaussian
kernel/Laplacian kernel). It only requires < 20 sets of toxicity data to
predict the biological effects of metal oxide nanoparticles (Qey g, >
0.85). By optimizing the distance threshold (0.4-0.5) and feature
matching rules (such as giving priority to the correlation between
zeta potential/solubility), the algorithm automatically selects
weighted prediction values of 2-5 of structural analogues,
promoting the risk assessment from experience-driven to
computation-driven  priority sorting. This work and the
aforementioned research joingly constructed a closed loop of “data
efficiency improvement knowledge transfer risk avoidance”,
highlighting the universal value of the small sample strategy in
material lifecycle management.

4 Advanced characterization analysis

ML is driving a paradigm shift in material characterization from
static observation to dynamic mechanism analysis, with the core
being to break through the cross scale correlation bottleneck of
“microscopic  behavior-mesoscopic  morphology-macroscopic
performance” [100-108]. This section systematically elaborates on
the two technical pillars of cross scale dynamic monitoring and
intelligent morphology analysis (Fig. 8). Cross scale dynamic
monitoring achieves quantitative decoding of interface dynamics
through in-situ multidimensional data fusion, and intelligent
morphology analysis constructs a quantitative mapping of
morphology and performance through intelligent inversion of
physical constraints, jointly promoting the theoretical upgrade of
material characterization from empirical description to mechanism
prediction, and providing underlying support for intelligent
research and development closed-loop.

41 Cross-scale dynamic monitoring

4.1.1 In-situ electron microscopy technique

The deep intergration of in-situ characterization with ML is
breaking through traditional spatiotemporal resolution limits,
enabling multi-scale dynamic analysis from nanosecond level
interfacial dynamics to complex environmental behaviors. Chen et
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Figure 8 Quantitative schematic flowchart of interface mechanism.
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al. [109] tackled the critical challenge of understanding carbon
based catalyst deactivation mechanism by combining in-situ
characterization with ML quantification, revealing for the first time
the essence of the self inhibitory effect of polymer deposition
(Fig. 9(a)). Their study showed that high degree of polymerization
(DP) products are continuously generated at a constant energy
barrier, with their DP values increasing due to enhanced
hydrophobic interactions and van der Waals forces (ML
quantification contribution > 85%). This results in tight polymer
adhesion to the catalyst surface, competitive blocking of active sites,
and impeded electron transfer. This work innovatively establishes a
cross scale structure-activity relationship of “DP-interfacial force
strength—adhesion stability”, providing a theoretical foundation for
regeneration strategy design. However, real-time monitoring of the
in-situ transformation process of polymers is still limited by the
compatibility of electron microscopy in liquid phase environment.

Yao’s team focused on the liquid-phase dynamics of
nanoparticles and developed the U-Net intelligent analytical
framework to overcome traditional characterization bottlenecks
(Fig. 9(b)) [110]. By using generative adversarial networks (GANs)
to synthesize training data, this approach achieves precise
segmentation of nanoparticles in liquid phase transmission electron
microscopy (TEM) videos with signal-to-noise ratio of < 2 (an
accuracy of 95%), and improving efficiency by a factor of 100
compared to manual analysis. This technology captures for the first
time the “endpoint fusion chain growth” mechanism of concave
nanocubes (activation energy of 12 KkT), and quantifies the
exponential decay relationship between curvature radius and
etching rate (R* = 0.96). Its high-throughput dynamic tracking
capability forms a technological synergy with Chen’s research [110],
with the former analyzing the solid-liquid interface deactivation
process and the latter uncovering the self-assembly mechanisms at
liquid-liquid interface, jointly constructing a cross scale interfacial
dynamics database.

Landry et al. [91] further extended dynamic monitoring into the
dimension of predicting biological molecular behavior (Fig. 9(c)).
Their random forest model accurately predicts the adsorption
tendency of flexible proteins on carbon nanotubes (with an
accuracy rate of 78%) by decoding protein sequence features such
as solvent exposure glycine content and the proportion of non-
secondary domain, thereby elucidating the universal mechanism
of “structural adaptability-driven interface adsorption”. Although
in-situ electron microscopy was not directly used, this work
employed ML to invert dynamic conformational changes in
biomolecules, overcoming the limitations of in-situ techniques for
observing non-rigid molecules, such as the difficulty in capturing
protein  deformation. This approach directly echos the
methodological challenges addressed in Yao’s research. Both
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Etching kinetics

Adsorption probability
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Figure9 (a) ML assisted sedimentation mechanism analysis of relevant heat maps with different parameters. Reproduced with permission from Ref. [109], © Duan, P. J.
et al. 2025. (b) Delayed liquid phase TEM images of nanorod boundary coverage predicted using a trained U-Net model (each color representing a different nanorod).
Reproduced with permission from Ref. [110], © American Chemical Society 2020. (c) The performance results of the classifier are tested on different biological fluid
training datasets and different protein feature inputs. Reproduced with permission from Ref. [91], © Ouassil, N. et al. 2022. (d) An interpretable ML model. Reproduced
with permission from Ref. [111], © Sanin, A. et al. 2025. (e) A framework for automatically identifying crystal structures from any DPs with axes. Reproduced with

permission from Ref. [112], © Chen, J. et al. 2023.

methods compensate for the technical blind spots of in-situ
observations through computational simulation and algorithmic
analysis. The specific shared challenges and potential pathways for
breakthrough are summarized in Table 1.

4.1.2 Multidimensional data fusion

In the material intelligence research and development system,
multidimensional data fusion cross scale for dynamic monitoring
has become a key path for analyzing complex structure-activity
relationships. Sanin et al. [111] demonstrated dynamic analysis of
ternary thin film anodes (Si-Ge-Sn) across temporal and spatial
scales by constructing a three-in-one platform of “autonomous
electrochemical exploration multimodal characterization ML closed-
loop optimization” (Fig. 9(d)). Their integrated scanning droplet
cell (SDC) and sequence learning algorithm overcame the temporal

and spatial constraints of traditional high-throughput experiments,
enabling real-time capture of electrochemical responses under
compositional gradients. By further integrating Raman (short-range
bonding order), X-ray diffraction (XRD, long-range crystal
evolution), and X-ray photoelectron spectroscopy (XPS, surface
chemistry) data, they constructed an interpretable ML model that
quantitatively revealed the synergistic effects of Ge/Sn components
on ion migration energy barriers and volume expansion (such as Si
Ge bonding enhancing ion diffusion and Sn suppressing lattice
distortion). Of particular importance, this work successfully bridged
microscale thin film screening with practical device validation
through an ML-driven performance transfer model (error < 8%),
allowing the optimized component (Sig;Ge,sSns) to achieve a
specific capacity five times that of graphite and an increase of 30%
in energy density in coin cells.

Table1 Common challenges and breakthrough paths of electron microscopy technology

Challenge dimension Collaborative solution

Case support

Spatio-temporal resolution gap
Ambiguity of interface function

Complex environmental

interference model

GAN generates cross-scale training data
SHAP/feature importance analysis dominant factor

Domain adaptation enhances the robustness of the

Liquid-phase nanoparticle collision simulation (Yao)
DP value - adhesion force glycine content - adsorption capacity

Prediction of environmental adsorption in plasma/cerebrospinal
fluid
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This multidimensional fusion paradigm has been further
expanded in the field of structural representation. Chen et al. [112]
developed a multiview opinion fusion ML (MVOF-ML) framework
to tackle the problem of random orientation in electron diffraction
patterns (DPs) (Fig. 9(e)). By utilizing convolutional networks with
physical constraints to extract radial/angular symmetric features of
Bragg spots, and through deep learning, the uncertainty of single
view prediction can be quantified. By integrating multi-angle DP
data, the model maintains a crystal system classification accuracy of
0.94 under strong noise interference, significantly improving the
reliability of high-throughput 4D-STEM analysis. Notably, the
commonality with Sanin’s research lies in their shared use of
physical information ML to embed domain knowledge and utilize
uncertainty quantification techniques to achieve dynamic
monitoring closed-loop [111]. Together, they underscore the
central value of multidimensional data fusion in bridging cross scale
correlation, from Sanin’s dynamic transmission of “atomic
bonding-crystal evolution-battery performance” to Chen’s spatial
integration of “single view diffraction-multi view consensus—crystal
system classification”.

However, current technologies still face common bottlenecks in
cross scale modeling. Sanin’s work reveals that the influence of
surface oxides (XPS data) on cycling stability has yet to be fully
incorporated into ML models, whereas Chen’s framework needs to
be further extended to deeper structural analysis, such as space
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AuNR sizes

group identification. In the future, it is necessary to develop
adaptive fusion architectures that incorporate interface evolution
under dynamic conditions (such as electrode electrolyte interface)
and defect dynamics into a unified computational framework to
overcome the full chain decoding problem of “micro
mechanism-mesoscopic behavior-macro performance”.

4.2 Intelligent shape analysis

4.2.1 Image recognition quantification

The intelligent morphology analysis of advanced material
characterization is undergoing a paradigm shift from passive
observation to active deconstruction, with the core being image
quantification technology that integrates deep learning and physical
constraints. Cho et al. [113] constructed a high-throughput deep
statistical characterization framework that enables cross scale
decoding of the growth kinetics of Co;04 nanocrystals (Fig. 10(a)).
Using convolutional neural network (CNN) segmentation of
441,067 high-resolution TEM (HRTEM) images, they quantified
size/shape evolution with sub nanometer accuracy, and for the first
time, identified the critical “starting radius” (~ 5 nm) that triggers
the transition from thermodynamic control (Wulff polyhedra) to
dynamic control (concave structure). This work not only establishes
a quantitative structure—activity relationship of “size morphology
synthesis conditions”, but also reveals the defect mediated

/ AuNR profile matrix \

Figure 10 (a) Overview of CNN training, testing, and evaluation process. Reproduced with permission from Ref. [113], © Cho, M. G. et al. 2024. (b) Random high-
throughput multi-parameter synthesis and database development of calcium carbonate-based nanomaterials. Reproduced with permission from Ref. [105], © Wiley-VCH
GmbH 2022. (c) Showing how to numerically simulate a 2D matrix of AuNR size and how to enter a matrix of the same size for SMA contour display. Reproduced with

permission from Ref. [102], © Gleason, S. P. et al. 2024.
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mechanism for growth mode switching, providing a theoretical
basis for morphology-controlled synthesis.

To break through the semantic limitations of traditional
morphological descriptions, Serov et al. [105] innovatively proposed
a reverse morphological search paradigm, using transfer learning
(VGGI16) to encode hand drawn sketches into morphological
descriptors (Fig. 10(b)). They extracted fractal dimensions (1.2-
1.8 quantifying calcium carbonate branching degree) through
Canny edge detection to achieve scanning electron microscopy
(SEM)/TEM image reverse retrieval with > 90% similarity. This
technology closed the loop of “morphology design and synthesis
verification”, significantly enhancing the controllability of complex
multi-level structures (such as flower shaped CaCOs). However, it
still faces inherent challenges related to 3D projection distortion.

In response to the quantization bottleneck posed by low signal-to-
noise ratio microscopy images, Sun et al. [107] developed a
lightweight real-time segmentation architecture, NSNet, which
integrates a channel attention (dual attention module (DAM)) and
a multi-scale perception module (light-weight atrous spatial
pyramid pooling (LASPP)). This framework achieves a
segmentation accuracy of 86.2% (11 frames/s) in dense
packing/high noise samples, and combines a watershed algorithm
to extract Blaschke shape coefficients. Its core value is in improving
manual statistics efficiency by a hundred times, but the recognition
of < 10 nm particles still requires further optimization. To
complement this, Mahjoubi et al. [106] focused on 2D material
thickness analysis. They applied adaptive gamma correction to
eliminate overexposure in optical microscopy images and designed
layered CNN that fuses texture/semantic features. Additionally,
they improved minority class recognition through weak learning
strategies (7-10 layer graphene mlIoU reached 59%), providing a
key quality inspection tool for thickness electrical performance
correlation in wafer level manufacturing,

In the future, it will be necessary to develop dynamic
morphology tracking networks that coupled with in-situ electron
microscopy with multiphysics field simulations, enabling full chain
decoding from nanocrystal growth mechanism switching to
macroscopic material properties, such as graphene thickness effect.

4.2.2 Spectral inversion technique

Through the 3D integration of physical principles algorithm
analysis and innovation application closed loop, the transformative
role of intelligent spectral inversion technology in multi-scale
morphological analysis of nanomaterials is revealed, providing a
theoretical support for the evolution of ML-driven representation
paradigms (Fig. 11).

Intelligent spectral characterization is transforming nanomaterial
morphology analysis from indirect inference to direct

Inversion geometry of

Gleason:
physical models

Traditional experience
correlation

decodes chemical

Chen: deep learning
composition

deconstruction, with its core being the integration of physical
models and deep learning inversion techniques. Gleason et al. [102]
developed a spectral morphology inversion physics engine (AuNR
SMA) to address the challenge of quantifying the geometric
morphology of AuNRs (Fig. 10(c)). By establishing a strict mapping
between the peak/line width and size distribution of longitudinal
LSPR, the length (mean + standard deviation: 45.2 + 4.8 nm) and
aspect ratio (3.2 + 0.3) were directly extracted from the absorption
spectrum, achieving an accuracy comparable to TEM statistics
(error < 5%). This model is integrated into an autonomous
synthesis platform, forming a closed loop of “spectral
inversion-data generation-ML reverse design”. The size dataset
obtained from inversion is used to train a random forest model,
enabling precise control of reaction parameters (such as ascorbic
acid concentration) to achieve target morphology (R’ = 0.96), and
mining size spectral correlations not reported in historical literature
to expand the synthesis knowledge base.

When the research object is extended to the sub-nanometer
scale, the traditional spectral structural correlation becomes blurred
due to quantum effects. Chen et al. [57] made a breakthrough in
decoding the “featureless” spectra of gold nanoclusters (AuNCs)
using deep convolutional neural networks. By using a 1D CNN
architecture to learn the electronic transition fingerprints hidden in
the UV-visible (UV-vis) absorption spectra (such as the
quantitative relationship between 300 and 500 nm shoulder peak
and the number of core atoms), the accurate molecular formulas
(such as Au;5(SR),3;, mean absolute error (MAE) = 0.0053) can be
directly predicted from broad peak. This model further realizes the
reverse generation of chemical composition spectra. The predicted
spectrum of the target molecular formula Au,5(SG)y, is consistent
with the experimental results, with R* > 0.98, providing high-
throughput screening tools for nanocluster systems that are
incompatible with mass spectrometry.

In the future, it is necessary to develop graph neural networks
with multiple physical constraints, integrate LSPR theory (long-
range electromagnetic response) and quantum chemical
computation (short-range electron correlation) into a unified
architecture, and realize full spectrum intelligent inversion from
nanorod size effects to nanocluster quantum effects.

5 Performance prediction and validation

The core of the ML-driven performance prediction and verification
paradigm for intelligent research and development of reconstructed
materials lies in establishing a multi-scale and computable mapping
of “atom mesoscopic system”, overcoming the limitations of
traditional empirical trial and error [114—-123]. This section reveals
how dynamic descriptors evolve across scales by decoding
structure-activity

relationships, and  combines extreme

Fusion direction:
quantum-classical
cross-scale

Intelligent design of full-
spectrum morphology-
composition-performance

Figure 11 A schematic diagram of the three-dimensional analysis process from physical principles to algorithm innovation and application closed-loop.
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performance prediction to crack the complex mechanisms of
mechanical/fracture  behavior and environmental toxicity.
Ultimately, this enables the construction of a full verification chain
system from chemical bond breakage to biological interface
response. However, bottlenecks such as real-time modeling of
dynamic processes, coupling of multiple physical fields, and cross
scale correlations still urgently require the development of in-situ
ML with dynamic graph neural networks to bridge the theoretical
experimental gap.

5.1 Decoding of structure activity relationships

Through the 3D analysis of descriptor innovation, scale crossing,
and dynamic coupling, this system elucidates the technical route of
catalytic descriptor discovery, evolving from static parameters
extraction to dynamic mechanisms, and from a single scale to
biochemical cross interface evolution. Together, it establishes a
theoretical framework for the full chain design of catalytic materials
driven by ML (Fig. 12).

5.1.1 Catalytic descriptor mining

The rational design of nanocatalysts is shifting from empirical
screening to descriptor-driven paradigms, with a central focus on
the establishment of computable mappings for multi-scale
structure-activity relationships. Wei et al. [124] pioneered an
interpretable dual-mode deep learning framework that integrates
over 1200 heterogeneous data samples to classify nanozyme activity
types (peroxidase (POD)/oxidase (OXD)/superoxide dismutase
(SOD)/catalase (CAT), an accuracy of 90.6%) and predict intensity
(R* = 0.80) (Fig. 13(a)). SHAP sensitivity analysis revealed that the
transition metal d-band center is the key descriptor (contribution
weight > 35%), overturning the traditional “metal non-metal
synergy” cognition and guiding the rational design of Ru-based
nanozyme peroxidase activity with 3.2 times enhancement.
However, this model remains limited in biological interface
scenarios, such as the surface protein crown effect not being
included in the descriptor system.

In response to this challenge, Ferdosi et al. [39] innovatively
proposed a Dbiological interface competition descriptor
(protein/nanoparticle (P/NP) ratio) (Fig. 13(b)). By tuning the ratio
of protein to nanoparticle surface area to enhance binding
competitiveness, they increased the number of proteins identified
on individial nanoparticle surface by 1.2-1.7 times and expanded
plasma proteome coverage by 3 times. This descriptor is also
associated with the fate of nanomaterials in vivo, filling the gap
between the structure and activity chain of “synthetic

surface-biological interface-in vivo behavior”. However, its
applicability in catalytic scenarios needs to be further deepened by
combining chemical bond descriptors.

At the chemical bond scale, Dang et al. [116] discovered an
interface bond sequence descriptor (Ni-O-Co bond density).
Ni/CoMoO, heterostructures were constructed through interface
engineering, and in-situ Fourier transform infrared (FTIR) and
DFT confirmed that the Ni-O-Co bond was a dual enzyme active
site, which reduced the electron transfer energy barrier (0.32 eV)
and increased the oxidase activity by 46.2 times. This descriptor was
integrated into a deep learning assisted colorimetric platform to
achieve high-sensitivity detection of organic phosphorus (limit of
detection (LOD) = 1 puM), but its universality was limited by
specific metal combinations.

To overcome the limitations of materials, Gao et al. [120]
developed a white box ML framework that integrates DFT
calculated OOH adsorption free energy (AGooy) and bandgap
characteristics to establish a 2D nanozyme activity prediction model
(R* = 0.91) (Fig. 13(c)). The MoS, edge sites with AG.goi = 0.8 eV
obtained increased the H,O, decomposition efficiency by 80%,
validating the universal value of the adsorption energy descriptors
in tumor catalytic therapy.

Compared with the above work techniques (Table 2), in the
future, it is necessary to develop dynamic operation descriptors and
combine them with in-situ spectroscopic ML technology, to capture
the dynamic process from chemical bond breaking (such as Dang’s
Zr blocking mechanism) to protein crown reconstruction (such as
Ferdosi’s Vroman effect) in real time, and fianlly establish a full
chain catalytic activity prediction model for the “chemical bond
interface biological environment”.

5.1.2 Biological interface mechanisms

In the study of nanomaterial biological interface mechanisms, ML
provides a powerful analytical paradigm for systematically
reconstructing structure-activity relationships. The GraphBNC
framework was the first to achieve accurate atomic level prediction
of gold nanoclusters blood protein interactions by integrating multi-
scale optimization strategies with graph neural networks
(Fig. 13(d)) [125]. Based on molecular dynamics simulation data
combined with Monte Carlo structural search, this approach
overcomes the limitations of traditional experimental dependency
and reveals the key regulatory rules of ligand reconstruction on
binding energy (such as p-MBSA carboxyl orientation enhancing
apolipoprotein E binding). This “structural topology dynamic
interface functional output” decoding logic has been widely

Experience trial
and error

Explainable ML mining
electronic descriptor

] |

Physics drives chemical
bonds

‘ Biological interface
competition descriptor

‘ Fusion direction: dynamic ‘
operation descriptor

Real-time prediction
of cross-scale
catalytic activity

Figure 12 A technological roadmap for the evolution from static parameters to dynamic mechanisms, and from a single scale to biochemical interfaces.
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Figure 13 (a) Schematic diagram of the construction of a ML model for predicting enzyme activity in nanomaterials. Reproduced with permission from Ref. [124], ©
Wiley-VCH GmbH 2022. (b) NP proteomics workflow and characterization. Reproduced with permission from Ref. [39], © Ferdosi, S. et al. 2022. (c) Constructing an
adsorption energy database based on high-throughput DFT calculations using a two-dimensional material library (C2DB). Reproduced with permission from Ref. [120],
© Wiley-VCH GmbH 2023. (d) Validation of the predicted AuysNC protein complex by GraphBNC. Reproduced with permission from Ref. [125], © Pihlajamaki, A. et
al. 2024. (e) The performance of models constructed using eight ML algorithms. Reproduced with permission from Ref. [114], © Huang, Y. et al. 2025.

Table2 Comparison table of technological breakthroughs in various works

Descriptor type Prediction accuracy Experimental verification of effectiveness
d belt center Active intensity R* = 0.80 Ru-based enzyme activity x3.2
AG.oon Bandgap correlation R* = 0.91 Mos,; efficiency +80%
Ni-O-Co density The activity has increased by 46.2 times Detection limit: 1 uM
P/NP ratio Protein detection x3 The prediction of in vivo delivery was consistent

developed in the protein crown research of Lazarovits et al. [126].
This work uses a mass spectrometry deep learning closed-loop
system to quantitatively correlate the dynamic adsorption protein
combination patterns (such as IgG/complement ratio) with organ
distribution, demonstrating that the synergistic effects of multi
protein (rather than single protein) dominates the fate in vivo, with
a double-blind prediction accuracy of 94%. Furthermore,
Sengoteyan et al. [127] constructed a triple descriptor system (core
coating protein crown) and quantified for the first time the
dominant contribution of protein crown composition to zeta

Nano Research, 2025, 18, 94908095
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potential in human serum environment (a weight of 0.62),
overturning the traditional notion of “core chemistry dominance”
and revealing a strong correlation between albumin/apolipoprotein
ratio and potential reversal (r = —0.75).

When the research scale extends to chronic pathological
mechanisms, a multimodal feature fusion model integrates 87 cross
scale interface features to establish a quantitative prediction chain
(area under the curve (AUC) = 0.89) linking “physicochemical
properties (zeta potential/solubility)-lysosomal damage-cytokine
cascade (IL-1B/TGF-B1)—-pulmonary fibrosis” [114], revealing that
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macrophage nicotinamide adenine dinucleotide hydride (NADH) imaginary frequencies (Fig. 14(d)) [134]. The key breakthrough lies

depletion is the core pathway of fibrosis (Fig. 13(e)). in establishing a quantitative structure-property relationship
Correspondingly, a dual isotope fingerprint tracing starts from the between atomic configurations and extreme physical properties.
intrinsic materials properties of and uses ML to explore the hidden (1) Mechanical strength mechanism: Revealing that the ultra-

correlation between silicon oxygen isotope fingerprints and high in-plane strength (91 GPa) of y-graphitic alkyne originates
manufacturing sources (a classification accuracy of 93.3%), from the sp-sp* hybrid network [133], whereas the strength
confirming that the inherent physical properties of nanoparticles attenuation (670 to 480 MPa) of Ti;C, MXene shows a critical
can decode the attribution of biological interface behavior in threshold response to oxygen vacancy concentration [135].
complex environments. (2) Abnormal thermomechanical behavior: Quantifying the
correlation between the negative thermal expansion coefficient of
porous materials (such as graphene reaching 2.3 x 10° K, 10 times
higher than graphene) and out of plane wrinkle strengthening, and
analyzing the dominant effect of porosity on ultra-low thermal
In the field of predicting extreme mechanical properties, ML conductivity (C;Ng thermal conductivity < 1 W-mK™).

5.2 Extreme performance prediction

5.2.1 Mechanics/fracture behavior

interatomic potential (MLIP) is becoming a core tool to break (3) Multi-functional coupling design: By regulating the
through the bottleneck of traditional simulations, especially for high connection groups, the synergistic optimization of the strength
complexity systems (porous structures and low symmetry (67 GPa) and carrier mobility of C(N, based materials is achieved
materials) and unconventional properties (negative thermal [131], providing a theoretical model for flexible optoelectronic
expansion and ultra-low thermal conductivity), thus demonstrating devices.

paradigm advantages. Mortazavi’s team systematically validated the The above work corresponds to the methodology of

cross scale prediction capability of MLIP (Figs. 14(a)-14(c)) Sengottiyan’s triple descriptor framework, as both approaches
[128-131]. By passively training moment tensor potential (MTP) integrate multi-level structural features (nucleus coating protein
instead of density functional theory (DFT), they enabled efficient crown vs. atomic bonding pore stacking sequence) to decipher the
simulations of kiloatomic level systems such as fullerene networks structure-activity relationships of complex systems. Moreover,
[132], carbon nitride [130], and graphitic alkynes [133], achieving a Firestein’s in-situ experimental verification (TEM/atomic force
10-20 fold increase in computational efficiency and elimination of microscopy (AFM)) has strengthened the reliability of MLIP
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Figure 14 (a) The uniaxial stress—strain relationship of BC,N monolayer film stretched along the armchair and zigzag shape at 300 K was predicted using the MTP-
based classical molecular dynamics (CMD) method. Reproduced with permission from Ref. [128], © Elsevier Ltd. 2021. (b) Schematic diagram of non-equilibrium
molecular dynamics (NEMD) simulation calculation of lattice thermal conductivity. Reproduced with permission from Ref. [130], © Elsevier Ltd. 2020. (c) The failure
mechanism of C¢N; monolayer film stretched along the zigzag direction was analyzed using CMD (the second row) models based on DFT (the first row) and MTP (the
second row). The “x” symbol highlights the area where the initial key fracture occurred. Reproduced with permission from Ref. [131], © Elsevier Ltd. 2022. (d) Predicting
the uniaxial stress—strain response of graphene monolayer films using MTP-based molecular dynamics simulations at 300 K in the first and second rows. Reproduced
with permission from Ref. [133], © Elsevier B.V. 2022. (e) The average strategy for ML interpretation tasks based on small datasets. Reproduced with permission from
Ref. [137], © American Chemical Society 2023.
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prediction [135], such as the thickness strength power-law decay
(0 o< d*°) of TizC, cross scale experiments and computational cross
validation.

5.2.2 Environmental toxicity assessment

In the field of environmental toxicity prediction for nanomaterials,
ML is systematically solving the quantitative correlation problem
between complex biological interfaces and extreme toxicity
responses through multi-scale feature integration and interpretable
algorithms. Labouta’s team pioneered a cross material toxicity
prediction paradigm using a meta-analysis framework [136]. Based
on 2896 heterogeneous databases, they constructed a decision tree
model that revealed the hierarchical influence of “material
chemistry > concentration > size > cell type” (information gain >
0.85), and quantified the positive correlation between surface charge
(|zeta] > 20 mV) and cell uptake (r = 0.79). This study provides a
universal ranking of dominant toxicity factors, but the lack of
modeling for dynamic exposure process was specifically addressed
in follow-up work by Yu et al. [137] in their plant toxicity research
(Fig. 14(e)). By using a small sample averaging strategy (10 fold
stratified training) and the RuleGrid visualization tool, they
analyzed the regulatory weight (0.58) of the maize root mucin layer
on ZnO solubility and found a nonlinear synergistic effect between
specific surface area  and concentration (high
Brunauer-Emmett-Teller (BET) and low concentration promote
transport), establishing the first interpretable rule set for agricultural
nanosafety design.

When investigating specific material systems, Shirokii et al. [138]
innovatively introduced atomic descriptors (electronegativity/ionic
radius), overcoming the limitations of traditional classification
within LightGBM models and achieving quantitative prediction of
concentration dependent toxicity of inorganic nanomaterials (Q* =
0.86). A key strength of their approach is its extrapolation
capability, and atomic level features allow the model to generalize to
unknown materials (with an error of less than 12.2%) and guide the
design of lower-toxicity zinc oxide (IC50 increased by three times).
In response, Ma et al. [139] constructed a large-scale toxicity
database containing 986 cell viability data points for graphene.
Using a random forest model, they demonstrated that exposure
dose was the most dominant factor influencing toxicity (weight
32.7%), achieving accurate IC50 predictions (R* = 0.903) and
revealing a triple optimization criterion of “dose particle size surface
chemistry”.

6 Application scenario implementation

ML-driven material intelligence research and development is
achieving a full chain connection from fundamental mechanism
analysis to terminal system integration, with the core of establishing
a multi-scale collaborative paradigm of “atomic design structure
regulation system optimization” [131, 140-143]. This section
focuses on the collaborative innovation such as energy
storage/optoelectronic devices for energy materials, targeted
delivery/intelligent ~ diagnosis  closed-loop ~ construction for
biomedical applications, intelligent design of pollutant
detection/remediation materials for environmental management,
and cross scale optimization of composite materials/lightweight
structural materials, together forming a deep coupling of
“mechanism performance scenario” [144-151]. Nevertheless,
critical challenges remain, including limited accuracy in non-
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equilibrium dynamics, incomplete cross scale validation of faults,
and insufficient robustness under extreme operating conditions.
Filling in these gaps will require the development of dynamic in-situ
ML and multiphysics coupling models to promote laboratory
breakthroughs and industrial implementation [152-162].

6.1 Energy materials

6.1.1 Energy storage devices

Within the intelligent research and development system for energy
materials, ML promotes performance breakthroughs in energy
storage device by decoupling multi-scale structure-activity
relationships. The collaboration between ML and ligand
engineering is driving a paradigm shift in rational design of energy
storage materials. The study of vanadium-based MOFs uses Br
polar ligands to regulate the electronic structure, combined with
orthogonal unfolding ML models to decode the nonlinear mapping
between electrode thickness/current density and performance,
revealing the mechanism of charge redistribution reducing the Zn*
migration energy barrier (Fig. 15(a)) [1]. This paradigm is further
applied in manganese based systems, where 1,4-DHAQ (DHAQ =
dihydroxy anthraquinone) para substitution is used to construct -
conjugated systems (Fig. 15(b)) [3]. The homologous ML model
quantifies the coating parameter capacity relationship from sparse
data, confirming that electron delocalization improves charge
transfer efficiency. The two works jointly demonstrate the
universality of ML in small sample multivariate coupling problems,
and optimize charge transfer dynamics through ligand electronic
engineering (synergistic induction/conjugation effects) to provide a
dual drive design strategy for flexible energy storage devices.

Innovation at the basic simulation layer began with the
development of accurate potential functions. Salazar et al. [17]
constructed a PLIP ML potential function, which qualified for the
first time the effect of surface polarization of ZnO nanoparticles on
the competitive nucleation of polymorphs, revealing the critical size
effect of the transition from metastable BCT phase (interface energy
dominant) in the deep undercooled region to stable Wurtzite
(WRZ) phase. This atomic scale mechanism analysis lays a physical
foundation for the design of nano energy storage materials, and its
long-range interaction capture capability has been extended to
research on mechanical energy storage of carbon nanowires by the
Zhao et.al (Fig. 15(c)) [163]. The ML potential function discovered
an ultra-high twist transfer energy density of 2680 kJkg™" for anti
configuration nanowires, which is 100 times more efficient than
DFT, and also revealed the failure mechanism of uneven strain
distribution due to the increase in beam diameter.

The material design layer focuses on high-throughput screening
and structural optimization. The forward prediction framework
proposed by Liu et al. [164] achieves cross screening of
lithium/zinc/aluminum ion batteries positive electrode materials
(MAE < 47.34 Wh'kg™) through the autoencoder Coulomb matrix
and CNN model. Its standardized “database descriptor prediction”
process significantly accelerated the discovery of new materials.
This strategy is further deepened in the field of two-dimensional
materials. Long et al [165] combined ML and in-situ
characterization to elucidate the process of densification assembly
regulated by capillary force on the surface functional groups of
graphene/MXene, resolving the contradiction between ion
transport and volumetric capacity in high-density electrodes, and
providing a theoretical leverage for compact energy storage devices.

The intelligent upgrade of the system application layer is
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Figure 15 (a) Key electrochemical performance parameters in the first row and ML assisted experimental verification of VBr-180 in the second line. Reproduced with
permission from Ref. [1], © Wiley-VCH GmbH 2025. (b) Workflow adopted to build ML models of MnMOCs (MOC = metal-organic coordination). Reproduced with
permission from Ref. [3], © Wiley-VCH GmbH 2025. (c) The relationship between the energy predicted by the ML model and the energy calculated using DFT in the test
set, as well as the relationship between the atomic force predicted by the ML model and the atomic force based on DFT level. Reproduced with permission from
Ref. [163], © Zhao, L. N. et al. 2023. (d) The use of plasma knowledge to guide FE enables us to achieve bidirectional ML methods for the size and size distribution of gold
nanospheres from experimentally obtained UV-vis extinction spectra at unprecedented speeds (in seconds) and accuracies (~ 96% to 98%). Reproduced with permission

from Ref. [170], © The Royal Society of Chemistry 2022.

reflected in the optimization of environmental adaptability.
Kiaghadi’s team used the auto-regressive integrated moving average
(ARIMA) model to accurately predict the melting dynamics of
phase change materials (mean absolute percentage error (MAPE) =
0.0003) [166], verifying that the fin structure improves the
photovoltaic efficiency to 13.993% under the gravity field. Ramesh
Srenyvasan et al. [167] used support vector machine/long-short-
term memory (SVM/LSTM) dual model collaboration to compress
the prediction error of the ZnMnO4 coated solar distiller to < 3%,
and established a quantitative decision chain from meteorological
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parameters to thermal insulation efficiency to daily water
production. Cross scale functional integration reached a new height
in the research of Lin et al. [168]. Based on the wide-kernel deep
CNN (WDCNN) model of the moisture-enabled energy generation
(MEG) device, the fluid classification (an accuracy of 100%) and
continuous power generation were achieved synchronously. Its
hydrophilic and hydrophobic microchannel design endows the
device with dual functional characteristics of “sensing power
supply”, opening up a new path for self-driven energy storage
systems.
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Current challenges focus on the accuracy of non-equilibrium
dynamics simulations (such as colloid assembly processes), the
robustness of extreme operating condition models (such as
photovoltaic thermal management), and cross scale data
governance (such as the scarcity of rare microbial data). In the
future, it is necessary to integrate active learning, enhance the
generalization ability of potential functions, combine generative Al
to optimize the construction of material database, and ultimately
achieve an intelligent closed-loop of “mechanism analysis material
creation device optimization”.

6.1.2  Optoelectronic devices

Through in-depth research on material synthesis, structural
analysis, and system control in the field of optoelectronic devices,
this study systematically elucidates the empowering role of ML in
the entire chain of “atomic interface control (ligand
engineering)-micro  morphology design  (wrinkles/plasma)-
macro device optimization (distillation/ light-emitting diode
(LED))”, highlighting the core value of multi-scale modeling and
dynamic regulation.

ML drives breakthroughs in optoelectronic device performance
through precise multi-scale regulation. The core of quantum
material design layer lies in ligand engineering and stability
optimization. Jing’s team developed a zwitterionic ASC-16 ligand
and combined it with the Bayesian optimization framework to
achieve two iterations to lock the optimal synthesis conditions [88].
The near-infrared PLQY of ytterbium-doped perovskite quantum
cutting materials reached 192% + 5%, and triple stability was
achieved through strong chelation (UV irradiation > 100 h/
85 °C annealing > 24 h/high humidity environment > 3 months).
This strategy is being continuously deepened in the field of
perovskite LEDs.

The nanostructure analysis layer focuses on the quantitative
correlation between morphology and function. An et al. [169]
combined electron tomography with Gaussian mixture model
(GMM) to quantitatively divide 151 nanofolds polyamide films into
four morphology groups (dome/depression/pancake/cluster) for the
first time, revealing the power-law of monomer concentration
regulating spatial arrangement through Turing instability, and
established a closed-loop structure activity model of the local
Young’s modulus methanol permeability of the fold morphology.
This morphological analysis paradigm has been innovatively
applied in plasma materials, such as the “knowledge-driven
characterization” strategy proposed by Tan’s team [170], which
extracts key parameters such as dipole/quadrupole resonance peaks
from extinction spectra, constructs a bidirectional B-spline model,
and accurately predicts the size (an error of 2.3%) and distribution
(an error of 1.0 nm) of gold nanospheres, providing a basis for the
reverse design of optical field control devices (Fig. 15(d)).

The intelligent control layer of the system can achieve dynamic
performance optimization. Gandhi et al. [171] developed the online
sequential extreme learning machine (OSELM) adaptive model and
combined it with the binary search tree (BST) algorithm to
optimize the heat transfer process of the SiO,/TiO, coating ladder
distiller in real time. Compared with the traditional LSTM, the
evaporation rate increased by 49.21%, the unit production cost
decreased by 35%, and the response speed increased by 3 times.
This dynamic control logic has been upgraded in LED thermal
management.

The current challenges of this related research focus on
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adaptability to extreme operating conditions (such as predicting
perovskite phase transitions under high humidity environments)
and multi-scale correlation modeling (from nanowrinkle dynamics
to membrane system permeability). We need to develop strategies
that combine dynamic in-situ characterization with ML, such as
real-time GMM clustering using liquid-phase atomic force
microscopy, and explore the potential of generative Al in cross scale
structural reverse design, thus ultimately achieving intelligent
collaborative optimization of “quantum efficiency light field
regulation thermal management”.

6.2 Biomedical sciences

6.2.1 Targeted delivery

ML is reconstructing biomedical delivery systems by decoding
multi-scale interface and optimizing dynamic process. By focusing
on the space-time in the cell transport layer, it enables dynamic
analysis and targeted immune regulation. For instance, Yang et al.
[172] developed the LungVis 1.0 AI-3D imaging platform, which
applies an adaptive NNU Net to segment 20 level bronchial trees in
mouse lungs. This system quantitatively revealed for the first time
the alveolar deposition advantage of aerosol administration
(ventilator-assisted aerosol delivery (VAAD)) (B/A ratio of 0.07 vs.
liquid administration 1.1-1.4), and discovered that tissue resident
macrophages (TRM) actively patrol via Kohn pores to mediate
83%-93% nanoparticle clearance, overturning the traditional
passive clearance cognition. This dynamic mechanism has also
been theoretically validated in plant nano interactions (Fig. 16(a)).
Awere’s study demonstrated that carbon dots (CDs) induce
oxidative stress, thereby activating antioxidant pathways [173],
whereas a multilayer perceptron (MLP) model accurately correlated
stress parameters with metabolite accumulation (R* = 0.999). This
provides a universal analytical approach for understanding how
nanomaterials modulate cellular defense responses.

The core breakthrough at the molecular interaction layer lies in
the precise prediction of nano biological interface. Pihlajamaiki et al.
[125] developed the GraphBNC framework, which innovatively
integrates graph neural networks with Monte Carlo structure
search. Relying solely on molecular dynamics simulation data, this
framework predicts dynamic binding sites between gold
nanoclusters (Auys/Au,y,) and blood proteins (such as p-MBSA
ligand carboxyl orientation enhanced apolipoprotein E binding),
solving the problem of reconstructing non-static interfaces that are
difficult to capture experimentally. This strategy has been further
extended to predicting the fate of the body. Lazarovits’s team
established a mass spectrometry deep learning closed-loop model
[126], demonstrating that multi protein synergistic effects (such as
IgG/complement ratio) dominate the distribution of nanoparticle
organs (Fig. 16(b)). By reversely engineering the protein crown in
the host environment, they achieved a 50%-70% reduction in liver
and spleen uptake, marking a paradigm transition from “single
protein knockout” to “multi protein synergistic regulation”.

At the clinical diagnosis and treatment layer, an intelligent closed-
loop of “diagnosis treatment” has been realized. Huang et al. [174]
developed a CNN-ANN hybrid model to classify ear endoscopic
images with an accuracy of 95% (sensitivity of 95%/specificity of
100%) while synchronously optimizing the poly(lactic-co-glycolic
acid) (PLGA) drug-loaded nanoparticle dosing scheme, tripling the
concentration at the middle ear lesion and improving the cure rate
by 40%. The diagnosis and treatment integration paradigm was
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Chemistry 2024.

further upgraded in particle analysis by Choi’s team, who used a
YOOvV5 model combined with synthetic data enhancement to
achieve rapid identification of drug loaded gel particles (mean
average precision (mAP) = 0.88, 0.11 s/frame (Fig. 16(c)) [71].
Their triple immunoassay flux was 50 times higher than enzyme-
linked immunosorbent assay (ELISA), providing a real-time
monitoring tool for personalized delivery.

Current challenges of this related research focus on cross-scale
modeling bottlenecks (such as GraphBNC not covering the
temporal evolution of protein coronations) and clinical translation
barriers (mouse to human B/A ratio validation, in vivo real-time
monitoring accuracy). To address this, researchers need to develop
dynamic in-situ characterization strategies coupled with active
learning (such as combining liquid-phase atomic force microscopy
with real-time graph neural networks), and explore federated
learning approaches to address privacy constraints in medical data,
ultimately achieving a precise control loop of “molecular design cell
transport clinical response”.

6.2.2 Intelligent diagnosis

ML reconstructs the biomedical diagnostic system through
multimodal signal enhancement and closed-loop clinical decision-
making. The core breakthrough of the molecular diagnostic layer
lies in the precise capture of trace biomarkers. Pei et al. [175]
designed a concave octahedral Mn,O,/(Co,Mn)(Co,Mn),0,
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(MO/CMO) heterojunction material, synergistically regulating the
surface roughness and band structure, thereby increasing the signal
intensity of laser desorption/ionization mass spectrometry (LDI-
MS) by 10-48 times (Fig. 16(d)). Combined with a sparse learning
algorithms, early diagnosis of ovarian cancer (AUC = 0.986) was
achieved, breaking the dependence of traditional mass spectrometry
on serum sample preprocessing. This enhancement strategy was
further deepened in single atom detection. Hao’s team developed a
functional nanomaterial FSVNet deep learning architecture [176],
which combines click chemical signal amplification with
convolutional neural network time-frequency domain feature
fusion, breaking through the threshold limit of signal-to-noise ratio
and achieving the detection of 0.2 amol-L™" copper ion (single atom
level) bivalent states, with a sensitivity 100 times higher than
traditional electrochemical methods. Yu et al. [177] developed a
label free microbial classification strategy based on microbially
synthesized AuNPs and ML. By characterizing the particle size,
surface plasmon resonance spectroscopy, and surface potential of
AuNPs synthesized by different microorganisms (bacteria/fungi),
combined with the random forest algorithm, a multi-level
classification model (covering kingdoms/orders/genera/species) was
constructed, which can achieve a classification accuracy of 100%,
which is consistent with traditional gene identification.

The wearable sensing layer can focus on flexible electronics and
dynamic signal analysis. Kwon et al. [178] developed biocompatible
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solderable graphene (functionalized conductive graphene (FCG))
and combined it with fully printed nanofilm technology to
construct a wireless electromyography sensing system (all-printed
nanomembrane hybrid electronics (p-NHE)). By optimizing the
three channel electrode layouts through deep learning, the accuracy
of seven gesture recognition reached 99%, subverting the traditional
high-density electrode array requirements. This dynamic
perception paradigm has been innovatively applied in gas diagnosis.
Tran’s team constructed a ZIF-8@laser engraved graphene
biomimetic sensor (ZIF = zeolitic imidazolate framework) [179],
combined with wavelet packet transform and MLP, and achieved a
detection limit of 0.8 ppm and a classification accuracy of 96.5% for
lung cancer respiratory markers at room temperature, solving the
bottleneck of traditional sensor high-temperature operation
(Fig. 16(e)).

The real-time diagnostic layer promotes the implementation of
clinical scenarios. Liu et al. [180] developed a smartphone
integrated electrochemiluminescence (ECL) platform that enhanced
the signal by modifying perovskite Ag‘@UiO-66-NH,, and
embedded an ANN model to automatically analyze ECL images,
thus achieving on-site detection of nitrofuranone (LOD =
0.09 nM). This portable diagnostic logic has been upgraded in fluid
analysis. The Au/Au@Pt nanoprobe array designed by Wang’s
team captures urinary protein through surface charge gradient
[181]. The principal component analysis (PCA)-SVM model
synchronously completes early diagnosis of bladder cancer and
protein classification with an accuracy of > 95%, and solves the time-
consuming problem of traditional electrophoresis within 10 min.

The current challenges in related research focus on actual sample
interference (such as respiratory humidity affecting volatile organic
compound (VOC) recognition) and individual difference
compensation (model drift caused by fluctuations in urine
metabolism) (Table 3). Researchers need to develop adaptive online
learning strategies (such as incremental SVM to dynamically update
classification boundaries) and explore federated learning to protect
medical privacy data, ultimately achieving the precision medical
closed-loop of “trace capture dynamic perception bedside
diagnosis”.

6.3 Environmental governance

6.3.1 Pollutant detection

Intelligent pollutants detection technology in environmental
governance is undergoing a paradigm shift from single mechanism
sensing to multimodal collaborative sensing. Henriquez et al. [182]
first integrated chemical resistors (ZnO/CuO) and calorimetric
sensors (Pt catalysis/thermal conductivity) through a multi-
transducer microelectromechanical system (MEMS) sensor array
(Fig. 17(a)). They utilized local in-situ nano synthesis technology to
achieve ultra-low power operation of 7 mW-device™, and combined

Table3 Key scientific logic and technological evolution path

CNN transient analysis strategies to synergistically decode the
dynamic response of flammable/toxic gases, breaking through the
selective limitations of a single sensing mechanism (a classification
accuracy of 97.95%, and a concentration regression error of 14%).
Shao et al. [183] further deepened the multi-mechanism fusion
strategy. By constructing a 3D van der Waals heterojunction of Pt-
COF@SnO,@C and combining it with the PCA-SVM ML
framework, the contribution of core-shell components was
quantified. It was revealed for the first time that the Pt COF shell
dominated 72% of the TEA response signal at room temperature
and high humidity environments (the SnO, core enhanced electron
conduction contributed 28%), providing theoretical guidance for
gas monitoring in complex environments.

For monitoring pollutants in the food supply chain, ML-driven
sensor design is shifting towards multifunctional integration and
enhanced anti-interference capabilities. Zhao et al. [184] developed
an ionic liquid tuned anthocyanin/UiO-66 colorimetric array
(Fig. 17(b)). A superhydrophobic interface (contact angle > 130°)
was achieved by nano SiO, coating, significantly improving the
stability in high humidity environments. The correlation between
cross reactive RGB signal polyamines and material porosity
(> 800 m*g") was analyzed using a VGG16 deep convolutional
network. Ammonia sensitivity (r = 0.89) successfully quantified the
pork spoilage stage with a classification accuracy of 99.16%.
Similarly, Abbas et al. [185] used random forest regression to
optimize =~ the  synthesis  parameters  of  poly(34-
ethylenedioxythiophene) functionalized carbon matrix suspended
Cu nanoparticles (PEDOT-C@CuNPs) electrodes (accurate
prediction of pH = 7.2/drying time of 8 min), the exposure of
highly active Cu (111) crystal faces (accounting for > 60%), and
high recovery detection of nitrite in complex food matrices (98.5%,
LOD = 3.91 uM), confirming the analytical advantages of ML over
traditional orthogonal experiments in the structure-activity
relationships of materials (such as PEDOT thickness-electron
transfer rate volcano curves).

The common technical challenges focus on the suppression of
interference from complex matrix and the verification of long-term
stability. All four research works point out the need to address key
issues such as the cross interference of mixed gases (such as multi-
component toxic gases in industrial scenarios and coexistence of
food spoilage polyamines), extreme environmental adaptability
(high humidity of 90%RH (RH = relative humidity)), and long-
term service stability of materials (> 6 months). There is an urgent
need to develop adaptive ML algorithms and robust nano coating
technology.

6.3.2 Repair material

Through a progressive framework of repairing material design,
analyzing pollutant mechanisms, and improving environmental
adaptability, this system elucidates the core role of ML in bridging
the full chain of “waste resource utilization-adsorption mechanism
decoding-complex scene implementation”. Collectively, these

Diagnostic level Core breakthrough

Technological extensibility

Molecular diagnosis . -
screening of ovarian cancer

Wearable perception
Instant diagnosis

Cross-level
collaborative hub

MO/CMO enhanced mass spectrometry and sparse learning for early

Three-channel deep learning gesture recognition
On-site detection of smart phone ECL-ANN

The surface charge gradient regulates the protein adsorption capacity

Upgrade to single-atom electrochemical detection

Extend to bionic gas sensing
Upgrade to the three-in-one analysis of urine protein

Guide the collaborative design of “materials-interfaces-
algorithms” for diagnostic devices
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Figure17 (a) A data processing strategy for real-time identification and quantification of target gas concentration using four types of sensor signals. Reproduced with
permission from Ref. [182], © Wiley-VCH GmbH 2023. (b) The deep CNN (DCNN) model predicts the confusion matrix of pork freshness using 832 test datasets.
Reproduced with permission from Ref. [184], © Elsevier Ltd. 2024. (c) Artificial neural network model architecture. Reproduced with permission from Ref. [187]. ©
Elsevier B.V. 2024. (d) The bar chart compares the optimized removal rates of response surface methodology (RSM), ANN, and SVM with the experimentally measured

values. Reproduced with permission from Ref. [189], © Elsevier B.V. 2025.

studies demonstrate a technological evolution of “single pollutant
treatment-multi pollutant collaborative removal—cross disciplinary
functional expansion”.

ML is driving the evolution of environmental remediation
materials towards a trinity paradigm of “precision design, intelligent
optimization, and functional expansion”. Al-Nowaiser et al. [186]
pioneered an electrocoagulation/GO@ZIF-7 adsorption synergistic
system, utilizing an XGBoost model to analyze multi-parameter
coupling effect (R? = 0.98) and to quantify the linear correlation
between ZIF-7 pore size (3.4-4.0 A) and Pb* adsorption energy (R’
= 0.93). This approach achieved a remarkable removal efficiency of
98% while elucidating the synergistic mechanism between
aluminum electrode flocculation and MOF confinement. Extending
this data-driven strategy to biomass-based materials, Belcaid et al.
[187] used cassava peel biochar loaded with MnO,/y-Fe,O;,
nanoparticles, developing an ANN model that precisely predicts
cobalt/chromium adsorption capacity (349-546 mg-g") (Fig. 17(c)).
Through feature engineering (FE) of pH/temperature interactions
CLEE
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(root mean squared error (RMSE) < 5%), this study solved the
problem of performance fluctuations caused by insufficient porosity
of agricultural waste.

For complex pollutant systems, ensemble learning and cross
scale modeling have become crucial for overcoming the bottleneck
of multi-mechanism collaboration. BinMakhashen et al. [188]
designed PGB-LTH (PGB = polyethyleneimine, GO, and bentonite,
and LTH = layered triple hydroxide) layered nanocomposites and
used the Extra Trees integrated model (test set R* = 0.99) to
quantify the reverse adsorption mechanism of anionic/cationic dyes
(methyl orange AH = —41.23 kJmol™ vs. crystal violet AH =
19.33 kJ-mol™). The feature importance analysis revealed that pH
was the decisive parameter (Gini index > 0.35), whereas the
Bagging strategy effectively overcame the risk of overfitting in small
samples. Similarly, Ebere Enyoh et al. [189] combined artificial
neural networks with molecular docking technology to synthesize
carbon quantum dots using discarded polyethylene terephthalate
(PET) (Fig. 17(d)), simultaneously optimizing the adsorption
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efficiency (> 95%) and biological activity (SERT binding energy of
—8.7 kcal'mol™) for fluoxetine/ciprofloxacin. A multitask learning
framework was adopted to address the challenge of cross domain
data heterogeneity in environmental pharmaceuticals.

A scientific challenge remains the practical adaptation of cross
scale mechanism correlations for industrialization. The challenges
of coexisting ion competition adsorption, material regeneration
cycling, and complex matrix interference urgently demand the
development of adaptive reinforcement learning algorithms and
multiphysics coupling models to promote the transformation of
laboratory materials into engineering applications [190].

6.4 Structural materials

6.4.1 Composite materials

Through the technical chain of precise performance prediction,
quantifiable interface mechanism, and systematic sustainable
design, the core value of ML across the entire “component
design—process  optimization-service performance” cycle of
structural composite materials is systematically explained. The
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evolution from single performance prediction models (such as
Sun’s CNT strength model) to multi-objective collaboration
frameworks [191, 192], and further toward cross lifecycle
optimization, highlights the disruptive innovation of intelligent
R&D paradigm on traditional material development pathways
[193].

ML is driving the transformation of structural composite
material R&D towards a three-in-one paradigm of “multi-objective
collaborative optimization interface precise control sustainable
design”. Alabduljabbar et al. [191] and Alyousef et al. [194] used
gene expression programming (GEP) models to accurately predict
the compressive strength (R* > 0.92) and electrical resistivity (MAE
reduced by 82%) of graphene reinforced concrete, combining them
with the NSGA-II multi-objective algorithm to generate Pareto
optimized material parameters (Fig. 18(a)). SHAP interpretability
analysis quantified the core impact mechanisms of graphene dosage
(contribution > 50%) and curing age (weight 45%), overcoming the
limitations of traditional empirical formulas for synergistic
optimizing electrical and mechanical properties. This data-driven
strategy has been further extended to multi-component composite
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Figure 18 (a) SHAP values indicating the impact of parameters on the GEP model. Reproduced with permission from Ref. [191], © Alabduljabbar, H. et al. 2023. (b)
Schematic diagram of Bagging algorithm. Reproduced with permission from Ref. [195], © Liu, G. L. et al. 2023. (c) Energy versus volume (EOS) of monometallic oxide.
The line represents CTIP prediction, and the point represents DFT data. Reproduced with permission from Ref. [199], © Wu, Y. H. et al. 2024. (d) By using a multi-
structure and multi-objective collaborative enhancement cycle strategy for reverse exploration, optimizing metal matrix material (MMC) and obtaining corresponding
mechanical properties. Reproduced with permission from Ref. [200], © Elsevier Ltd. 2024.
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system. Zhang et al. [193] utilized ANN optimization to modify
ultra-high-performance concrete (UHPC) with eggshell powder
nano silica, accurately capturing the interaction effects of multiple
components (R = 0.929). They revealed that a 10% premix
increased strength by 11% through nucleation effect and pore
filling, while simultaneously reducing the carbon footprint by 15%.
Liu et al. [195] developed an AdaBoost integrated model (R* = 0.91)
to quantify the dominant effects of curing time (32.7%) and nano
silicon content (28.1%) on strength, and used graphical user
interface (GUI) tools to enable rapid iteration of mix proportions
(Fig. 18(b)).

Regarding the challenge of composite materials interface
regulation, ML can be explained as the key to decoding the “nano
matrix” synergistic mechanism. Meddage et al. [196] used the
XGBoost model (R* = 0.981) combined with SHAP analysis to
reveal for the first time the synergistic effect of GO particle size
(optimal 43-60 pm) and polycarboxylate dispersants, and used
explainable machine learning (XML) tools to visualized the
component effects. Liu et al. [197] used genetic algorithm-
backpropagation (GA-BP) neural network to optimize the ratio of
nano-SiO, grafted rice straw fibers (R* = 0.9949), and quantified the
structure-activity relationship between a 37.17% reduction in
Ca(OH), at the interface and a 40.1% improvement of wet dry cycle
durability. SEM confirmed that 5-10 pm of nano coating inhibited
interfacial transition zone (ITZ) weakening. This type of research
collectively breaks through the limitations of traditional black box
models and provides quantitative design criteria for interface
engineering.

6.4.2 Lightweight design

By decoding the technical chain of micro phase transition
mechanism, mesoscopic topology optimization, and macroscopic
performance leap, the disruptive value of ML in the full chain
design of “composition structure performance” of lightweight
materials is systematically explained. The research evolution from
single performance prediction (such as charge transfer ion potential
(CTIP) strength simulation) to multi-objective collaboration
(NSGA-II Pareto solution) and then to functional integration
(negative Poisson’s heat mechanical stability) highlights the core
driving role of the intelligent driving paradigm in lightweight
innovation in high-end fields such as aerospace and new energy
equipment.

ML is reshaping the “atomic mesoscopic macroscopic” cross
scale collaborative design paradigm of lightweight structural
materials. Yao et al. [198] accurately analyzed the chemical short
program evolution of Mo-Nb-Ta-W alloy using spectral neighbor
analysis potential (SNAP) (error < 5%), revealing that an Nb >
25 at.% triggers the formation of B2 nano precipitates that pin edge
dislocations while promoting screw dislocation cross slip. This dual
mechanism reduces the slip resistance ratio by 40%, providing
atomic scale design criteria for high-temperature lightweight alloys.
The ML potential function strategy is deepened in complex
systems. Wu et al. [199] used supervised learning to optimize CTIP
for WTaVCr high entropy alloy and improved the distributed
genetic algorithm (DBGA) to enhance parameter search efficiency.
For the first time, they quantified the inhibitory effect of short-
range chemical ordering on dislocation motion, demonstrating a
25% enhancement in strength. This work addresses the problem in
parameterization of reaction potentials for multi-component
systems (Fig. 18(c)).
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Intelligent algorithms are innovating microstructure topology to
address the bottleneck of strong resilient collaborative optimization.
Zhong et al. [200] used random forest regression (R* > 0.92) to
enhance the correlation between phase distribution and mechanical
properties, and combined it with NSGA-II multi-objective
optimization to obtain a Pareto solution for the “core-shell”
network structure (ultimate tensile strength (UTS) > 500 MPa)
(Fig. 18(d)). Finite element verification confirmed that the crack
propagation path was extended by 200% and the energy absorption
was tripled. Similarly, Zhao et al. [201] reconstructed the Halpin
Tsai model through genetic programming (GP) and established
an explicit structure-activity equation (R* > 0.93) for graphene
origami/Cu metamaterials. This model predicted a 30% increase in
modulus and demonstrated a 28,000 fold increase in computational
efficiency compared to molecular dynamics at a negative Poisson’s
ratio of —0.59800 K with 100% H coverage, enabling a lightweight
functional integrated design.

7 Breakthrough in enabling technologies

The collaborative evolution of data-driven and algorithmic
innovation is reconstructing the paradigm of material research and
development[139, 202-207]. This section focuses on the core
technology group that supports the full-chain intelligent research
and development. The data infrastructure realizes the structured
integration and cross domain verification loop of multi-scale
material data, whereas the algorithm innovation breaks through the
bottleneck of data scarcity through physical embedding and small
sample optimization, and uses explainable AI (XAI) to transform
black box prediction into operable structure performance rules.
Together, the two promote the transition of material design from
experience trial and error to the “data model experiment” ternary
driving paradigm. Their breakthrough progress lays the technical
foundation for subsequent material genetic engineering and
autonomous experimental systems.

7.1 Data infrastructure

The deep integration of multimodal databases with intelligent
feature engineering systematically addresses the discontinuity in the
“generation analysis value mining” chain of material data.

7.1.1 Multimodal database

Multimodal databases are emerging as core infrastructure for ML-
driven material development, representing a paradigm shift from
“structured data integration-machine-readable annotation—cross
scale prediction closed loop”. Yan et al. [208] pioneered the
construction of the first open nanodatabase, PubVINAS, which
transformed physical and chemical properties (1365 entries) and
biological activity (2386 entries) data for 705 nanomaterials into
standardized, machine-readable PDB structure files. They also
defined 2142 geometric/surface/component descriptors, breaking
through the unstructured limitations of traditional databases
(Fig. 19(a)). This work was the first to achieve cross scale
correlation modeling of “atomic structure (PDB annotation)-
physical properties (zeta potential)-biological effects (cellular
uptake)” (dual channel neural network R* > 0.5), laying a reliable
data foundation for rational design of nanomaterials. Building on
this paradigm, Wang et al. [15] further developed the VINAS Pro
platform, integrating PDB annotations for 14 types of
nanomaterials with a full chain toolkit (including SMILES ligand
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Figure 19 (a) PubVINAS online portal. Reproduced with permission from Ref. [208], © Yan, X. L. et al. 2020. (b) Integrate analysis databases and structural databases for
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Reproduced with permission from Ref. [210], © American Chemical Society 2021.

annotation/VMD  visualization/AutoNanoML modeling). This
integration supports molecular dynamics simulations and virtual
library generation, driving the transition of data from static storage
to dynamic design (Fig. 19(b)). The standardized annotation
reduces the surface energy prediction error of gold nanoparticles by
37% and improves the efficiency of calculating the Young’s
modulus of carbon nanotubes by 100 times.

A dedicated database forward prediction framework is
accelerating the material screening revolution to meet specific
domain requirements. Liu et al. [164] developed a universal
framework for energy materials based on the Materials Project
database, which innovatively uses self-coded Coulomb matrix
descriptors instead of traditional DFT inputs (Fig. 19(c)).
Combined with CNN models, it achieves the high-throughput
prediction of key performance (voltage/capacity/energy density) of
positive electrode materials for lithium/zinc/aluminum ion batteries
(MAE < 4734 Whkg"). This framework screened 26 high-
performance candidates out of 4300 materials, shortening the
experimental validation cycle to 1/100 of that required by
traditional methods, and highlighting the synergistic power of
multimodal data and ML. The Coulomb matrix accurately captures
the structural and performance distinctions between layered oxides
(such as LiCoO,) and polyanionic compounds (such as LiFePO,)
through the topological encoding of atomic coordinates and
charges (feature importance weight > 0.8).

7.1.2  Feature engineering framework

At the data infrastructure level of intelligence material R&D, the
innovation of feature engineering frameworks is systematically
addressing the key challenges of generating, parsing, and mining
value from multi-scale material data. For example, the ChIMES ML
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potential function developed by Lindsey et al. [209] breaks through
the scale limitations of traditional DFT and constructs a feature
engineering framework that can simulate > 100,000 atomic systems
through high-precision fitting of quantum mechanics data. For the
first time, this enables the generation of an atomic level dynamic
dataset of carbon condensation processes under extreme
conditions. This framework can not only capture the full pathway
of non-equilibrium nanocarbon formation (such as the evolution
mechanism of polymer seed clusters), but also analyzes the new
maturation kinetics of “atomic free riding” through chemical bond
recombination  characteristics, revealing the quantitative
relationship between system composition (oxygen concentration)
and cluster morphology. The leap in data generation capability has
laid the foundation for subsequent feature analysis, but the
simulation data it relies on still need experimentally verification. In
response to this, Li et al. [210] pioneered an intelligent parsing
framework for experimental characterization data (Fig. 19(d)). By
integrating STM imaging physical constraints with customized data
augmentation techniques, a deep learning model was constructed to
achieve molecular localization and chiral classification with only
one single SPM image. This framework embeds domain knowledge
into the feature extraction process (such as noise models and
contrast perturbations), significantly improving the robustness of
the model to non-ideal experimental images, solving the domain
gap problem between simulated data and real scenes, and providing
an in-situ validation tool for the nanocarbon morphology
parameters predicted in Lindsey’s research. Furthermore, Barnard
et al’s Shapley value analysis framework realizes a closed-loop
quantification of feature importance [211]. Based on the graphene
oxide energy prediction model, the contribution of structural
features (O/H concentration) to the formation energy was
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systematically analyzed, and it was found that extreme oxygen
concentration samples dominated the model training (contribution
> 30%), providing a transferable quantitative methodology for the
conclusion of “composition structure sensitivity” in Lindsey’s
research. This framework not only confirms the physical law that
every 1% change in oxygen concentration triggers a 0.8 eV energy
fluctuation, but also guides future data sampling strategies through
feature importance ranking, optimizing the generation efficiency of
high-value feature data.

7.2 Algorithm innovation

7.2.1 Small sample learning

Small sample learning algorithms are becoming a core enabling
technology for solving the scarcity dilemma of material data, with
their innovation paths focusing on three directions: embedding
physical prior, transferring cross domain knowledge, and
optimizing active sampling. Bets et al. [212] tackled the challenge of
learning periodic physical laws related to the bandgap of carbon
nanotubes (Fig. 20(a)). They pioneered the use of a parameter
periodic Snake activation function to accurately capture the discrete
stepwise characteristics of chirality index bandgap, and achieved
efficient data utilization through a two-stage transfer learning
framework. First, they pre-trained the network on low precision
density functional tight binding (DFTB) computation data (scale >
104) to extract periodic essence, then froze the Snake layer and fine-
tuned only the ReLU layers to adapt to 137 high-precision
experimental samples, maintaining excellent accuracy even when

(a)

Randomly chosen training set
(70% of all datapoints)

Full DFTB data

0 DFTB(eV) 1.1

SHAP interaction value

SHAP value (impact)

SHAP value (impact)

the prediction range far exceeds the training set. This work
demonstrates that architecture design driven by physical
mechanisms can significantly reduce the model’s dependence on
the target domain data volume. Further expanding to cross material
systems, Hundi et al. [213] developed a microstructure feature
transfer paradigm based on a pre-trained CNN model on
hexagonal boron nitride (h-BN) radiation damage voxel images,
and they achieved 98.7% of strength prediction accuracy with only
10% of the available graphite data. This revealed that low
dimensional statistical features (including vacancy rate/atomic
displacement) possess transferable predictive power across material
systems. However, the presence of annotation noise in actual
scenarios still constrains the robustness of small sample models. To
address this, Groschner et al. [214] proposed a symmetry
enhancement and noise immunity framework that utilizes the
mirror symmetry of chiral nanoparticles to generate synthetic data,
while adopting a co-teaching strategy for dual network mutual
error correction. This approach maintains high prediction accuracy
even under < 40% label error rate, solving the feature space
interference caused by morphological diversity. Ultimately, Kim et
al. [215] advanced small sample optimization towards a closed loop
using Bayesian active learning (Fig. 20(b)). By performing
uncertainty quantification iteration screening on 93 high-value
ligand experiments (occupying only 0.3% of the candidate space), it
was found that phosphonate ligands increased the PLQY of
perovskite nanocrystals by 40%, and established a volcano-shaped
curve between the lowest unoccupied molecular orbital (LUMO)
energy levels of ligand and defect passivation. This framework
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Figure 20 (a) DFTB data preparation. Reproduced with permission from Ref. [212], © Bets, K. V. et al. 2024. (b) Overview of the Al workflow for candidate selection.
Reproduced with permission from Ref. [215], © American Chemical Society 2024. (c) The sum of SHAP interaction values for all instances of every two features. The
feature sequence is arranged according to the sum of SHAP interaction values with other features. Reproduced with permission from Ref. [216], © Elsevier Ltd. 2021. (d)
The influence and optimal dosage of graphene oxide and high-efficiency water reducing agent on compressive strength. Reproduced with permission from Ref. [196], ©
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couples data generation with model optimization, improving the
sample information density from the source.

7.2.2  Interpretable AI

In recent years, XAI technology has become a core tool for solving
the black box problem of material structure—activity relationship.
Yu et al. [216] pioneered the “model interpretation mutual
validation” framework, integrating the SHAP, partial dependence
plot (PDP), and individual conditional expectation (ICE) multi-
method cross validation mechanisms, quantitatively revealed for the
first time the dominant factors of CdSe quantum dot cytotoxicity
(zeta potential contribution > 40%), and found that there is a non-
linear synergistic effect between particle size and solubility
(cadmium dissolution rate increased by 300% when the particle
size < 10 nm) (Fig. 20(c)). This methodology was systematically
expanded in subsequent research. The same team integrated the
LightGBM SHAP interpretation system with the RuleFit rule
extraction algorithm for complex systems and applied it to the field
of nanoagriculture [217]. Research found that when the soil clay
content is greater than 30%, the absorption of metal oxide
nanoparticles (MONPs) by plants decreases by 50%, and a
quantifiable decision boundary of “concentration > 50 mgkg™,
absorption reduction” was generated, which significantly improved
the operability of agricultural nanosafety design. In the field of
building materials, Meddage et al. [196] further verified the cross
material universality of XAI Based on the XGBoost HAP
framework, the “composition performance” mapping relationship
was accurately analyzed, the synergistic mechanism of GO
nanoparticle size of 43-60 um and dispersant was clarified (with the
maximum strength gain in the 0.08%-0.12% content range), and a
visual decision-making tool was developed to achieve the reverse
design of material ratios (Fig. 20(d)). It is worth noting that Gomes
et al. [218] broke through the limitations of traditional statistics
through symbolic regression algorithm and established a cross scale
correlation model of “electronic structure biological effects”. They
found that Fe-doped TiO, inhibits the generation of reactive oxygen
species under UV irradiation by regulating the bandgap (> 3.2 eV),
providing a physical basis for explaining its environmental toxicity
mechanism.

In response to challenges such as data heterogeneity and small
sample bias, the research team developed innovative validation
strategies, such as two-step cross validation (model interpretation
and experimental validation), Bootstrap domain knowledge fusion
validation, and feature stability analysis, which significantly
improved the reliability of conclusions. The current bottleneck lies
in modeling complex environmental medium effects and correcting
industrial scale effects, which requires the next generation of XAI
technology to deeply integrate multi-physics field mechanism
models and transfer learning frameworks.

8 Challenges and limitations

81 Core challenges in machine learning for materials
science

Although ML has shown great potential in accelerating the
intelligent development of materials, covering various aspects from
performance prediction to synthesis optimization, its inherent
limitations must be recognized and addressed. Exploring these
challenges in depth is crucial for responsible and sustainable
development in this field.
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8.1.1 Scarcity and quality of data

The performance of ML models largely depends on the availability
of large, high-quality, and well labeled datasets. In the field of
materials science, obtaining such data remains a major bottleneck.
Experimental data, especially for new materials or complex
synthesis processes, are often scarce, expensive, and time-
consuming to generate. In addition, data from different sources
may have inconsistencies due to differences in experimental
protocols, equipment, and conditions. This scarcity and diversity
may lead to insufficient model training, bias, or inability to capture
the complex physical laws behind it. Technologies such as active
learning, transfer learning, and advanced data augmentation
methods specifically developed for material data are promising
ways to alleviate this problem.

8.1.2 Transferability and generalization ability of the model

Models trained on specific datasets (such as perovskite solar cells)
often perform poorly when applied to different but related material
systems (such as organic photovoltaic devices). The reason for this
lack of transferability is that ML models can only learn superficial
statistical correlations from training data, which do not represent
universal physical principles. Therefore, they may not be able to
make inferences beyond the chemical or structural space
represented by their training set. To improve generalization ability,
it is necessary to incorporate domain knowledge and physical
constraints into the model architecture (e.g, using physically
constrained neural networks). Developing robust and interpretable
models that can elucidate their reasoning process is crucial for
building trust and ensuring that predictions have physical
significance.

8.1.3 High computational costs

The development of state-of-the-art machine learning models,
especially deep learning architectures with millions of parameters,
requires a significant amount of computational resources. The
process of hyperparameter tuning, training, and validation typically
requires days or weeks of processing on a high-performance
computing (HPC) cluster equipped with graphics processing units
(GPU)/sensor processing units (TPU). This high computational
cost may pose significant entry barriers for research teams with
limited resources and slow down the iterative research cycle. Future
work must focus on developing more efficient computational
algorithms and model compression techniques to make ML tools
more accessible to a wider range of materials fields.

8.1.4 The mystery of energy footprints in green synthesis and ML

In the interdisciplinary field of ML and green material synthesis, an
interesting and challenging problem has emerged. The original
intention of developing energy-saving or environmentally friendly
materials, which is to use less energy to manufacture these
materials, may be undermined by the enormous energy
consumption of training large-scale ML models. The carbon
footprint of training a large model may be equivalent to the lifetime
emissions of several cars. This creates a paradox: We use an energy
intensive tool to design low-energy materials. To address this issue,
the field must prioritize model efficiency, hardware and
infrastructure, algorithm optimization, and cost-benefit analysis.

8.1.5 Ethical issues and reproducibility
Although machine learning has brought transformative potential to
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materials research, its responsible application requires addressing
key ethical issues such as data privacy and algorithmic bias, while
ensuring reproducibility through transparent code and data
sharing. To reduce privacy risks and bias, strategies such as
federated learning, differential privacy, diverse data management,
and interpretable artificial intelligence technologies can be adopted.
In addition, following findability, accessibility, interoperability, and
reuse (FAIR) data principles, publicly releasing code, and
benchmarking with the community are crucial for improving
reproducibility, enhancing trust, and promoting fair and
widespread application.

To address these challenges, the conclusion of this section
requires the joint efforts of computer scientists, material scientists,
and ethicists. In the field of materials science, the future of ML does
not lie in replacing specialized knowledge, but in establishing a
symbiotic relationship between data-driven discovery and
fundamental physical principles. By publicly acknowledging and
striving to overcome these limitations, we can drive the field
towards a stronger, more replicable, and environmentally
sustainable future.

8.2 Data-centric challenges and quality enhancement
strategies

Although machine learning has shown great potential in
accelerating the intelligent development of materials, its
performance is highly dependent on the quality, quantity, and
representativeness of the underlying data. The main challenges
include data bias, annotation noise, and sample imbalance, which
can seriously compromise the reliability and generality of the
model. Below, we will discuss these issues and propose
corresponding mitigation strategies.

8.2.1 Data bias

When the training data cannot represent the complete chemical or
structural space, data bias occurs, which is usually caused by
preferences in experimental conditions, material systems, or
synthesis methods. For example, datasets may lean towards
materials that have been thoroughly studied, such as perovskites or
precious metal nanoparticles, whereas systems that have not been
thoroughly studied, such as multi-component oxides or soft
materials, may lead to overfitting of results. Possible solutions
include activity-based learning, transfer learning, and domain
adaptation.

8.2.2 Annotate noise

Labeling noise refers to errors in the labeling process, which may
arise from subjective interpretation, instrument limitations, or
inconsistent ~experimental procedures. For example, size
measurement or spectral interpretation based on TEM may vary
depending on the operator. Robust learning frameworks, data
augmentation, and quantification of prediction uncertainty can be
adopted as solutions.

8.2.3 Sample imbalance

When the frequency of certain categories or attributes in the dataset
is too high or too low, sample imbalance may occur. For example,
high-performance materials or rare failure modes may have a
limited number of examples, leading to deviations in model
performance. Possible solutions include resampling techniques, cost
sensitive learning, and synthetic data generation.
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8.2.4 Overall data quality improvement

To achieve reliable and scalable nanostructure data analysis, we
propose the following key methods: Firstly, adopting a standardized
data protocol is unified across the entire community, using ViNAS
Pro tool to implement PDB like nanostructure encoding and
annotation, and ensuring consistency in data format and semantics.
Secondly, XAI technology is introduced to identify and correct
biases in feature contributions using methods such as SHAP, local
interpretable model agnostic explanations (LIME), or rule
extraction, thereby improving model transparency and reliability.
Finally, promoting collaborative review mechanisms, integrating
high-quality and diverse datasets while protecting privacy through
open data initiatives and federated learning frameworks, and
facilitating cross institutional collaboration and data sharing,

9 Conclusions and future outlook

ML-driven intelligent material research and development has
formed a full chain technology system that runs through “design
synthesis characterization application”, and its core breakthroughs
are reflected in four dimensions.

(1) Innovation of the intelligent design paradigm

The emergence of advance dreverse design system constructed
through reinforcement learning (such as protein conformation
optimization) and evolutionary algorithms (such as reverse
screening of multi-enzyme solid solutions) has enabled precise
mapping from target performance goals to synthesis parameters.
Generative models (such as ViNAS Pro) have constructed machine-
readable virtual material libraries when coupled with cross scale
modeling (such as PLIP potential function coupled PXRDnet
structure reconstruction), successfully breaking the bottleneck of
correlating “atomic nucleation, cluster evolution, and mesoscopic
performance”. However, the controllable generation of complex
heterogeneous interfaces, such as core-shell structures, still relies on
costly experimental verification.

(2) Autonomous closed-loop synthesis process

Microfluidics Bayesian optimization platforms (such as “artificial
chemist” system) have achieved multi-objective collaborative
regulation (such as quantum dot bandgap/quantum yield), and the
single experimental cycle has been shortened to 2 min. Green
preparation technology relies on multi-objective optimization (such
as Pareto frontier equilibrium yield toxicity) and small sample
strategies (such as transfer learning reusing MOF databases) to
achieve a spatiotemporal yield of 62.4 kg:-m™-day" for antibacterial
ZnO nanoparticles. However, the integration of high-temperature
and high-pressure reactions and the prediction of metastable phase
kinetics remain key challenges.

(3) Significant improvement in representational and analytical
abilities

In-situ ML technology combinations (such as U-Net analysis of
liquid phase TEM video) reveal dynamic mechanisms (such as
activation energy of 12 kT for nanocubes). Intelligent morphology
analysis (such as AuNR SMA spectral inversion) extracts geometric
parameters directly from the optical response (size error < 5%),
supporting synthesis closed-loop optimization. The current
bottleneck lies in the limited ability of cross scale monitoring non-
equilibrium processes, such as the real-time evolution of protein
coronations.

(4) Application scenario closed-loop implementation

In the field of energy, ML potential functions (such as SNAP)
have guided the design of high-temperature lightweight alloys
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(Nb > 25 at.% triggers B2 precipitation phase), achieving a threefold
increase in crack energy absorption through multi-objective
optimization of strong toughness synergy. In biomedical
applications, the GraphBNC framework predicts dynamic nano
protein binding sites, whereas the LungVis platform quantifies
alveolar targeting efficiency (B/A ratio of 0.07). In environmental
governance, XGBoost-optimized GO@ZIF-7 adsorbents achieve a
Pb* removal rate of 98%, and the ANN model guides a 15%
reduction in carbon footprint of eggshell powder UHPC. For
structural materials, genetic programming has reconstructed
structure performance equations of graphene origami/Cu
metamaterials, achieving synergy between negative Poisson’s ratio
(-0.59) and thermal mechanical stability.

Future technological breakthrough directions are:

(1) Dynamic cross-scale modeling

Future research should focus on developing physical information
dynamic graph neural networks coupled with in-situ
characterization data such as liquid-phase atomic force microscopy,
to capture real-time interface evolution (such as catalytic bond
cleavage and protein crown reconstruction). This requires
constructing multi-physics coupled ML framework that quantifies
cross effects of light, electricity, and heat force, with target
performance such as perovskite LED junction temperature
prediction error < 1.5 °C.

(2) Algorithm hardware collaborative innovation

Next-generation breakthroughs demand the development of
adaptive federated learning to address privacy issues in
medical/industrial data, combined with small sample strategies such
as symmetry enhanced synthetic data to improve noise robustness.
Parallelly, it is advantageous to promote high-precision potential
function training, which can accelerate non-equilibrium state
simulation of ten thousand atom systems using quantum
computing ML integration.

(3) Full chain intelligent system integration

It is necessary to build a “digital twin” platform that integrates
ViNAS Pro structure generation, closed-loop autonomous synthesis
robots, and in-situ characterization feedback to achieve design
validation manufacturing integration. In parallel, developing
generative Al-driven reverse design (such as diffusion models for
generating novel materials with negative thermal expansion
coefficients < —10°K™) will further accelerate the discovery of
advanced substances.

(4) Ethical and standardization challenges

The establishment of a nano safety prediction framework (such
as quantitative cross reading algorithm to evaluate biological
toxicity) can promote the extension of PDB annotations to
international standards for multiphase soft materials. Furthermore,
developing an online monitoring and self-calibration system,
together with reinforcement learning based optimization of
manufacturing parameters (such as nano dispersion uniformity
control), will help address batch differences during industrial
scaling up.
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