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ABSTRACT

Micro-/nano-motors (MNMs) or swimmers are minuscule machines that can convert various forms of energy,
such as chemical, electrical, or magnetic energy, into motion. These devices have attracted significant attention
owing to their potential application in a wide range of fields such as drug delivery, sensing, and microfabrication.
However, owing to their diverse shapes, sizes, and structural/chemical compositions, the development of MNMs
faces several challenges, such as understanding their structure-function relationships, which is crucial for achiev-
ing precise control over their motion within complex environments. In recent years, machine learning techniques
have shown promise in addressing these challenges and improving the performance of MNMs. Machine learning
techniques can analyze large amounts of data, learn from patterns, and make predictions, thereby enabling MNMs
to navigate complex environments, avoid obstacles, and perform tasks with higher efficiency and reliability. This
review introduces the current state-of-the-art machine learning techniques in MNM research, with a particular
focus on employing machine learning to understand and manipulate the navigation and locomotion of MNMs.

Finally, we discuss the challenges and opportunities in this field and suggest future research directions.

1. Introduction

Micro-/nano-motors (MNMs) are miniature devices capable of con-
verting various types of energy inputs into mechanical motion at micro-
and nano-scales. These innovative systems operate through diverse
mechanisms, such as chemical reactions, external magnetic or electric
fields, light, and ultrasonic waves, to propel themselves into fluidic en-
vironments. The inception of MNM research can be traced back to the
late 1980s, with the conceptual fabrication of the first silicon-based mi-
cromotor powered by electrostatic forces[1]. When MNMs are immersed
in a solution, which is often the case in biological or environmental ap-
plications, they are affected by solution molecules driven by thermody-
namic motion. Due to incessant Brownian movement, nanoparticles re-
main in a perpetual state of fluctuation in both position and orientation,
posing challenges in directing propulsive forces and controlling their
motion. Therefore, to achieve active motion, MNMs must have the abil-
ity to continuously generate anisotropy in their surroundings. Through
asymmetric interactions with their environment, they can experience
persistent propulsive forces, overcome resistance due to viscous liquids,
and prevent self-rotation. In a groundbreaking study conducted in 2004,
Paxton et al. demonstrated the autonomous movement of anisotropic
Janus nanorods composed of gold and platinum. This movement was
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fueled by hydrogen peroxide, which initiated different reactions at the
two ends of the nanorods, thereby generating a local electric field that
propelled the nanomotor. Subsequently, diverse approaches and strate-
gies have been investigated over the last two decades to regulate their
sizes, surfaces, components, and structures and broaden their range of
applications, particularly in the fields of biomedical and environmental
engineering [2-4]. Owing to their flexibility in size and material compo-
nents, MNMs can execute preprogrammed tasks and reach specific desti-
nations, either independently or in response to external triggers, such as
chemical reactions [5-8], light [9-11], magnetic fields [12], and ultra-
sound [13] to generate motion. Among their diverse applications, MNMs
have been engineered to navigate through intricate biological environ-
ments, facilitating targeted drug delivery [14,15] and sensing [16,17].
Furthermore, MNMs are versatile in environmental applications, such as
water purification [2,4,18] and hazardous material detection [19,20],
owing to their stability and mobility in various environmental matri-
ces. To enable MNMs to excel in increasingly demanding and intricate
tasks like targeted cargo delivery, stimuli-activated motion, and multi-
stage transformations, scientists have been attempting to develop smart
MNMs that can be precisely controlled across various stages of design,
fabrication, navigation, and locomotion. In addition, the field of com-
puter science and engineering has experienced remarkable growth, with
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Fig. 1. Schematic diagram of this review.

machine learning (ML) becoming increasingly accessible to the general
public and playing a pivotal role in groundbreaking research within ma-
terial science and chemical engineering. ML enables the fabrication of
MNMs with an optimized design, precise control, and adaptive func-
tionalities, facilitating more efficient and accurate task performance.
This has emerged as a transformative force with immense potential for
the development and deployment of MNMs. In design and fabrication,
ML algorithms accelerate innovations by processing large datasets and
conducting simulations. Unlike traditional trial-and-error approaches,
ML algorithms swiftly identify optimal configurations and materials for
MNMs. This not only saves time and resources, but also enables the
tailoring of MNMs for specific tasks, enhancing their performance and
functionality. Navigation and locomotion are vital for MNMs, particu-
larly for biomedical applications. ML-based feedback control systems
offer real-time adaptability, allowing these devices to navigate complex
biological environments with precision and enable targeted drug deliv-
ery and microsurgery. Additionally, ML can optimize locomotion strate-
gies, making MNMs more energy-efficient and capable of overcoming
obstacles. The potential of ML extends further through its capacity to en-
able real-time autonomous decision-making. By integrating ML, MNMs
can respond to external triggers and adjust their behavior accordingly.
For example, they can detect variations in the pH or temperature of
their microenvironment and adapt their movement or payload release
accordingly. This intelligent responsiveness enhances the precision of
drug delivery, reduces side effects, and improves patient outcomes. Fur-
thermore, ML enables the coordination of MNM swarms by allowing
multiple ML-trained MNM individuals to collaborate and tackle tasks
that single motors cannot accomplish. They can overcome obstacles,
evenly distribute payloads, and cover larger areas for environmental
monitoring and cleanup. This scalability and cooperation hold promise
for addressing macroscopic challenges such as pollution control and in-
frastructure maintenance. The relatively new interdisciplinary field of
ML-assisted micro/nanoswimmers represents a cutting-edge combina-
tion of nanotechnology, robotics, and artificial intelligence, with the
aim of revolutionizing applications ranging from targeted drug delivery
to environmental remediation. Despite their potential, the research on
the complex integration of ML algorithms with the intricate mechanics
of micro- and nano-scale locomotion in complex and dynamic environ-
ments is limited. Hence, the design of smart micro-nano swimmers re-
mains a frontier area of study, requiring pioneering research to unlock
their full potential and address their technical and practical challenges.

In this review, after an overview of the current landscape of MNM
design and applications, we illustrate the potential of ML-based methods
in MNM research by first providing a brief introduction to the various
ML techniques adopted in nanomaterial research, followed by a sum-
mary of recent successful applications of ML in the design and control
of MNMs. Finally, we discuss the main opportunities and challenges
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that remain to be overcome for future ML-based MNM applications
(Fig. 1).

2. MNM design and applications
2.1. Self-propelling mechanisms and motion control of MNMs

The propelling mechanism of MNMs refers to the method by which
these tiny devices generate autonomous movements at a micro- or
nano-scale. Several propelling mechanisms have been developed for
MNMs, with each catering to a specific application. Some common pro-
pelling mechanisms include catalytic reaction-induced bubble propul-
sion [21,22], external stimuli-driven propulsion (e.g., magnetic fields
[20,23,24], ultrasound [13,25,26], and light [27-31]), and chemical
gradient-driven propulsion [32,33].

MNDMs can utilize catalytic reactions that often involve the decompo-
sition of fuel molecules on their surfaces to generate bubble propulsion
to lift or push them. For example, platinum-coated MNMs can propel
themselves through the release of oxygen bubbles during the catalytic
decomposition of hydrogen peroxide. In 2008, Sen et al. pioneered the
use of catalytic nanomotors for embedding and releasing cargo by intro-
ducing self-propelled Au-Pt bimetallic nanorods [34]. These nanorods
exhibit autonomous movement in the presence of hydrogen peroxide
solution. The propulsion mechanism involves the decomposition of hy-
drogen peroxide to oxygen on the Pt side and water reduction on the
Au side, generating a proton gradient along the rod, which results in
forward motion. These nanomotors can capture polystyrene particles
through electrostatic interactions or covalent binding between biotin-
functionalized rods and streptavidin-functionalized particles. To fur-
ther enhance the control, a Ni segment was incorporated, enabling di-
rectional manipulation through external magnetic field actuation. This
groundbreaking work laid the foundation for the development of cat-
alytic nanomotors with cargo transport capabilities, highlighting their
potential for nanotechnology applications (Fig. 2(a)). Since then, many
attempts have been made to use various catalysts, including inorganic
catalysts (such as Au [35,36], Pt [14,37], Mg [38], and TiO, [39]) and
biocatalysts (such as catalase [18,40], urease, [41] and glucose oxidase
[42]), to realize the propulsion of MNMs.

To achieve precise control and locomotion, MNMs can be engineered
with magnetic components, and their motion can be controlled by exter-
nal magnetic fields. This approach allows precise fuel-free manipulation
and navigation within fluid environments [20,24,43]. In a recent study,
inspired by a Moroccan spider with two motion modes, researchers de-
veloped a novel Fe;04-loaded cerium-based metal-organic framework
(Fe;0,@Ce-MOF) nanomotor capable of either rotation or tumbling
[43]. By strategically switching between these motion modes by rotating
the magnetic field to a specific angle, the nanomotor exhibits enhanced
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Fig. 2. MNMs propelled by different strategies. (a) Catalytic nanorods enabling directional cargo transferring in the presence of H,0,. Reprinted with permission
from [34]. Copyright 2008, American Chemical Society. (b) Schematic and microscopy images of the Fe;0,@Ce-MOF nanomotor rotating and tumbling in a rotating
magnetic field. Reprinted with permission from [43]. Copyright 2022, Elsevier Ltd. (c¢) Schematic illustration of cargo attachment, transport and release by Janus
microspheres controlled by acoustic rotating. Reprinted with permission from [26]. Copyright 2023, American Chemical Society. (d) Schematic illustration and
microscopy trajectory of a TiO,-SiO, nanotree as a light-driven microswimmer under NIR radiation. Reprinted with permission from [49]. Copyright 2021, Wiley-VCH

GmbH.

pollutant adsorption rates compared to the static and rotating states. The
tumbling motion, activated via the adjustment of the magnetic field di-
rection, significantly improved the adsorption efficiency and lowered
energy consumption. Fluid dynamics simulations confirmed the effec-
tiveness of the motion in enhancing pollutant-nanomotor contact. This
flexible and economical strategy introduces a unique perspective for im-
proving pollutant adsorption in nanomotors, which holds promise for
efficient water purification and environmental remediation (Fig. 2(b)).

Among the various external stimuli designed to energize micro-
and nanodevices, ultrasound has emerged as a particularly promis-
ing option for meeting stringent in vivo requirements. Its widespread
use in ultrasound imaging renders it relatively noninvasive and mini-
mally harmful to biological samples. Acoustic propulsion involves the
use of sound waves to generate motion in MNMs. The interaction be-
tween the MNMs and acoustic fields induces movement, enabling con-
trolled navigation (Fig. 2(c)) [13,26]. A pioneering study by Wang
et al. demonstrated the use of ultrasound (US) fields for the rapid and
reversible control of bubble-propelled chemically powered poly(3,4-
ethylenedioxythiophene) (PEDOT)/Ni/Pt microengines [44]. The appli-
cation of US disrupts the normal bubble evolution and ejection, which
are crucial for the efficient propulsion of the microtubular engines,
thereby providing precise speed control. In particular, the method fa-
cilitates sharp increases and decreases in speed at low and high US
powers, respectively, thus enabling a wide range of tunable speeds. No-
tably, the response time for speed modulation was exceptionally fast
(<0.1 s), surpassing those of the alternatives based on thermal and op-
tical stimuli. The direct impact of the US field on the bubble evolution
facilitates instantaneous control, demonstrating distinct advantages for
the on-demand regulation of catalytic microengines. This study suggests
that US offers an elegant and promising route for effectively controlling
the movement of chemically powered microengines with potential ap-
plications in various fields.
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Light covering ultraviolet (UV), visible (Vis), and near-infrared (NIR)
wavelengths exhibits exceptional adaptability for controlling the move-
ment of MNMs [30,45,46]. By switching the light on/off, and adjusting
the wavelength, light intensity, and direction of the incident light, not
only the acceleration and deceleration of the nanomotor but also its
maneuverability can be controlled [47]. These features, along with the
ease of acquisition and remote control, render light-driven MNMs highly
attractive for a wide range of practical applications [2,3,28,46,48]. Nu-
merous studies have demonstrated the feasibility of light-driven mech-
anisms via the compartmentalized design of distinct shapes and mate-
rials within MNMs, allowing for self-propulsion and light control. As
an example, Tang et al. proposed a “nanotree” nanomotor that merges
a tree crown-shaped TiO, and trunk-shaped SiO, and finishes with a
coating of gold nanoparticles. The asymmetric structure achieved con-
trolled self-electrophoresis and self-propulsion under multiwavelength
light irradiation (Fig. 2(d)) [49].

MNMs can respond to chemical gradients in their environment by
mimicking natural biological processes such as chemotaxis. This enables
them to move towards or away from specific chemical cues. The fluid dy-
namics involved in these processes can either propel the motor towards
regions with higher fuel concentrations or drive it away because of re-
pulsive Hofmeister-type ionic interactions and electrolyte diffusion [50].
This phenomenon, known as self-electrophoresis, enables the motor to
exhibit both positive and negative chemotaxis in response to gradients
by moving towards or away from the source, respectively [33]. Among
the earliest attempts at self-electrophoretic MNM design, Sen et al. em-
ployed Janus catalytic particles to independently generate chemical gra-
dients through the Pt-catalyzed decomposition of H,0, to induce self-
propulsion. Pt-Au nanorods, which were electrochemically fabricated,
exhibited axial movement at 30 pm/s in H,O,. Notably, these nanorods
move with the Pt end leading, in contrast to macroscale experiments.
The distinct concentration gradient of the catalytic reaction along the
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non-catalytic Au end dictates the expected linear motion. In addition,
aggregates of these rods displayed a rotational behavior. Unlike typical
hydrogen peroxide reactions with bubble generation, the smooth metal
surfaces of the rods prevented bubble nucleation, enabling direct obser-
vation of their movement via optical microscopy and showing that the
driving force is the chemical gradient along the metal rods rather than
bubble propulsion [51].

2.2. Applications of MNMs in biomedical and environmental engineering

Several systematic reviews that comprehensively describe the appli-
cations of MNMs in biomedical and environmental engineering have
been published [4,15,16,52-54]. Herein, we briefly introduce the cur-
rent trends in the use of MNMs in these areas.

Since ancient times, scientists have frequently drawn inspiration
from nature. Biomimetics involves the emulation and adaptation of bi-
ological strategies, structures, and processes found in nature to develop
innovative technologies, materials, and systems. MNMs with biomimetic
features are particularly beneficial for in vivo studies owing to their
nature-mimicking characteristics. For instance, inspired by the claw en-
gagement mechanism of tardigrades, Zhao et al. designed microrobots
featuring a clawed geometry, red blood cell (RBC) membrane coating,
and magnetically actuated retention in blood vessels, which allowed
movement in blood vessels at a flow rate of 2.1 cm/s, whereas magneti-
cally actuated rotation ensured long-term retention even in vessels with
a blood flow rate of up to 3.2 cm/s. The RBC membrane coatings reduce
bloodstream interactions, aid in immune system evasion, and promote
locomotion. The microrobots, tested in mice and rabbits, demonstrated
active navigated retention in major veins in vivo. This design overcomes
the challenges of targeted drug delivery, offers active navigated reten-
tion in biological fluids without complex microrobot redesign, and holds
significant promise for versatile drug delivery applications. This study
represents a breakthrough in active targeted retention of swimming mi-
crorobots and opens new avenues for diverse therapeutic possibilities
(Fig. 3(a)) [55].

Efficient drug delivery requires controllable and targeted release
of the contained cargo. Because of the challenging microbial envi-
ronment, developing a gated mechanism is crucial to trigger drug
release from MNMs. Ji et al. developed a glucose-powered Janus
nanomotor for efficient drug delivery in tumor therapy applications.
Using glucose as a biocompatible fuel, the nanomotors exhibit self-
propulsion, enhanced diffusion, and drug delivery capabilities through
cascade reactions in a glucose solution [56]. Notably, the nanomo-
tor loaded with adriamycin (ADM) demonstrated pH-responsive behav-
ior, releasing drugs in slightly acidic tumor environments. The cationic
nature of poly[2-(methacryloyloxy)ethyltrimethylammonium chloride]
(PMETAC) brushes enhances their diffusion and drug delivery effi-
ciency through pH-responsive electrostatic interactions and morpholog-
ical transformations. This pH-responsive glucose-propelled nanomotor
holds significant promise for controlled drug release, improved apopto-
sis ratios, and advancements in drug delivery systems for cancer treat-
ment (Fig. 3(b)).

Conversion of solar energy into motion has been realized in con-
ceptual solar vehicles, which use self-contained solar cells to provide
full or partial power to vehicles via sunlight. However, effective light-
driven motion at the micro/nano-scale by MNMs remains a challenge.
In a recent study by Mirabella et al., light-powered MNMs based on
MZXene-derived metal-TiO, microparticles with Au/Ag layers were used
to investigate the impact of the electronic properties of the metal-
semiconductor junction on self-propulsion. Au-TiO, micromotors ex-
hibit higher velocities under UV light owing to a stronger built-in elec-
tric field, which enhances charge carrier separation. In 0.1 wt.% H,O,,
Ag-TiO, micromotors achieved higher velocities, owing to the supe-
rior catalytic activity of Ag. Proving the concept of polymer degra-
dation, Au-TiO, micromotors demonstrated the effective breakdown
down polyethylene glycol (PEG) chains in water under UV light. The

276

ChemPhysMater 3 (2024) 273-283

interplay between electronic properties and catalytic activity in metal—-
semiconductor junctions provides insights for designing powerful light-
driven MNMs with potential applications in water treatment and photo-
catalysis. The choice of metal significantly influences motion behavior,
highlighting the importance of optimizing metal-semiconductor inter-
faces for enhanced performance in various applications (Fig. 3(c)) [57].
Given the promising applications of MNMs, achieving precise con-
trol and efficient locomotion is becoming increasingly feasible for better
targeting and tracing. However, the intricacies of their operation, which
are influenced by factors such as fluid dynamics at the micro- and nano-
scale, can be challenging and often difficult to understand through ex-
perimentation alone. As the fields of computer science and artificial in-
telligence continue to evolve, ML appears increasingly promising for ad-
dressing these challenges. By harnessing the power of Al, researchers can
simulate complex fluid dynamics and swimmer interactions, enabling
the design of optimized control strategies that are impractical to design
via experimental observations. ML algorithms can analyze vast datasets
to predict swimmer behavior under various conditions, thereby guiding
the development of swimmers with enhanced navigation and function-
ality. This approach holds promise not only in accelerating the pace of
innovation but also in opening new avenues for the application of MNMs
in areas such as targeted drug delivery, environmental monitoring, and
nano-scale construction. The integration of ML into the development
and control of these tiny robots represents a significant leap forward
and is promising for transforming theoretical concepts into practical so-
lutions that can navigate the complexities of the microscopic world.

3. ML techniques for MNMs

ML involves the use of mathematical and statistical methods to en-
able machines to learn from past data. These can be categorized into
several families of techniques, including supervised, semi-supervised,
unsupervised, reinforcement, and deep learning [58]. In this section,
we discuss the definitions and objectives of the different subsets in ML
and appropriate scenarios for employing distinct methods. As a result,
we gain insights into their functionality through practical applications,
including particle tracking, trace prediction, navigation, and targeting
in the context of MNMs.

3.1. Supervised, semi-supervised, and unsupervised learning

Supervised learning is a type of machine learning in which an al-
gorithm (model) is trained on a labeled dataset (input) to make pre-
dictions or decisions (output) without human intervention [59]. In su-
pervised learning, the algorithm learns from the input-output pairs pro-
vided in training data, to generalize and make predictions and classify
new unseen data. Common supervised learning algorithms include de-
cision trees, support vector machines (SVM), and artificial neural net-
works (ANN). One of the most important and common uses of ML in
MNM research involves the analysis and classification of experimen-
tal data, typically using neural networks. Most active matter experi-
ments utilize video microscopy, offering extensive high-quality train-
ing datasets that encompass various experimental conditions, includ-
ing extremely rare conditions. These datasets are particularly suitable
for image analysis using supervised ML. Recently, Ciarella et al. used
a gradient-boosting supervised ML method based on decision trees to
distinguish self-propelled active particles from passive particles using a
single snapshot [60]. Compared to the previously reported shell-based
approach, which predicts the dynamic propensity of active and passive
particles, their model called the Voronoi approach is more cost-effective
and robust. This model is based on the information contained in the lo-
cal anisotropy of particles, and it achieves high accuracy without com-
pensating for precision. They defined the distance between a particle
and the center of its corresponding polygon as a measure of the dis-
tinct spatial anisotropy surrounding an active particle. This approach
significantly reduced the input quantities by a factor of 80 compared to
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Fig. 3. Examples of biomedical and environmental applications of MNMs. (a) Schematic of the synthesis, navigated locomotion, and active retention of the swimming
microrobots in blood vessels, controlled by an external magnetic field. Adapted from [55], used under Creative Commons CC-BY license. (b) Propulsion mechanism of
plain gold-platinum nanoparticles (AP NP), Glucosidase@Janus AP (G@JAP), and ADM loaded G@JAP (G@JAP@P-ADM) nanomotors in glucose and enhanced drug
dosage resulting in tumors. Reprinted with permission from [56]. Copyright 2023, Elsevier B.V. (c¢) Schematic of Ag-TiO, micromotor propulsion and degradation
of polymer chains, enabled by UV light irradiation in 0.1 wt.% H,0O,. Adapted from [57], used under Creative Commons CC-BY license.

shell-based approaches. This method has potential applications in cell
pathology, enabling the monitoring of cell dynamics within biological
microstructures such as tumors and organs.

Unsupervised learning differs from supervised learning in that it does
not rely on labeled data. Instead, it leverages the inherent structure
and redundancy of the input data to discover patterns, compress in-
formation, and identify significant input structures through nonlinear
projections and self-organizing maps. Common techniques in this cat-
egory include principal component analysis (PCA), k-means clustering,
and other clustering methods. This approach can automatically classify
extensive video microscopy data regarding the collective movement of
swarming agents. When integrated with numerical model analysis, it
aids in explaining the observed swarming behaviors. Drescher et al. em-
ployed t-stochastic neighborhood embedding (t-SNE) and k-means clus-
tering methods to identify the dynamic phases of bacterial swarms from
a full set of unlabeled statistical observables captured by adaptive mi-
croscopy, bridging in vivo cell biochemical reactions with tissue mor-
phology on a space and time scale [61].

Semisupervised methods learn from a dataset that includes both la-
beled and unlabeled examples. The labeled data provide explicit exam-
ples from which the model can learn, whereas unlabeled data allow
the model to generalize and capture additional patterns and informa-
tion [62]. Semisupervised learning is particularly useful for obtaining a
large amount of labeled data, which is expensive or time-consuming, es-
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pecially in the modeling of particle dynamics, where millions of particles
move simultaneously. These patterns are understandably challenging to
describe, interpret, and forecast using first principles. Semi-supervised
learning can address this issue using time-series data to build numeri-
cal models of spatiotemporal dynamics. For instance, reservoir comput-
ing has successfully predicted complex spatiotemporal patterns found in
chemical, biological, and physical systems, directly from input data.

3.2. Reinforcement learning

Reinforcement learning (RL) stands apart as an exploratory tech-
nique. RL does not rely on labeled or unlabeled data. Furthermore, RL
does not fit neatly into the categories of supervised or unsupervised
learning; rather, it mirrors the human learning process, as an agent
learns by actively engaging with its environment. The agent receives
feedbacks in the form of rewards or punishments based on its actions
and uses these feedbacks to enhance its decision-making abilities. Q-
learning approach, named after the “Q-function”, is a model-free subset
of RL. This allows an agent to make decisions by iteratively updating its
action selection policy based on the expected rewards associated with
each action in a given state. The "Q" in Q-learning stands for "quality",
reflecting the quality of taking a particular action in each state. MNMs
operate by absorbing local energy and are designed to respond to ex-
ternal environmental triggers, such as pH levels, temperature changes,
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Table 1
Overview of ML methods applied to the design and control of MNMs.
Application area ML methods utilized Key features/outcomes References
Design of MNMs SVM, KNN, RF, and Prediction of self-propulsion speed and water-cleaning efficiency, identification of key [731
GB features for effective decontamination, and design of high-efficiency Pt-coated nanomotors
with <15% error.
Motion control and Q-learning Near-optimal navigation strategies for gravitactic swimmers using Q-matrix, demonstrating [74]
navigation adaptation to fluid dynamics.
DRL Efficient navigation of colloidal micro-robots in unknown environments using DNNs and [75-771
real-time decision-making and adaptability to micro-robot dynamics.
Policy Asymptotically optimal path navigation without reward shaping, handling complex settings, [78]
gradient-based DRL and unifying optimality with adaptability across various environments.
DNN Autonomous navigation and optimal distribution planning of microrobot swarms in [79]
unstructured environments, validated through real-world demonstrations.
DRL (Actor-critic) Navigation and path tracing of reconfigurable microswimmers with multimodal [80-82]
gait-switching, demonstrating versatility and robustness against flow perturbations.
Coordination of Multi-agent Intelligent adaptive behaviors for capturing Brownian cargo particles in complex maze [84]

multi-MNMs stochastic feedback

environments, demonstrating resilience, flexibility, and sophisticated microscopic functions.

light irradiation, and concentration gradients. Their propulsion speed or
direction changes are based on specific propulsion mechanisms, making
them ideal for RL applications. Consequently, many examples discussed
in the following section on the applications of ML for MNM control and
locomotion revolve around the utilization of RL methods.

3.3. Deep learning neural networks

Deep learning (DL) focuses on training artificial neural networks,
particularly deep neural networks (DNN) with multiple layers, to au-
tomatically learn and represent data [63]. Unlike RL, which involves
decision-making through trial and error, the primary objective of deep
learning is to automatically learn and extract meaningful representa-
tions from data. DL techniques are renowned for their resemblance
to the human brain and their superior potential to detect patterns in
abstract and multidimensional data compared with other established
methods. As a result, deep reinforcement learning (DRL) excels in
pattern recognition by combining neural networks with the decision-
making processes of RL, yielding outstanding results in tackling compli-
cated decision-making tasks.

4. Applications of ML for MNM design and control
4.1. ML for the design of MNMs

The relationship between the material structure and properties are
often derived from experiments, empirical evidence, or observations.
Integrating information science with materials science has paved the
way for ML to become a viable alternative to costly experiments and
complex theoretical calculations such as the density functional the-
ory. ML algorithms are promising strategies for revealing quantitative
structure—property relationships (QSPRs) in materials science and chem-
istry (Table 1) [64-66]. This approach leverages the power of ML to
analyze complex datasets, enabling researchers to uncover the underly-
ing relationships between the molecular structure of materials and their
physical, chemical, and biological properties. By employing advanced
ML techniques, we can predict the behavior of materials under various
conditions based on their structural attributes, thereby facilitating the
design and discovery of new materials with desired properties [67-71].
The integration of ML into materials synthesis signifies a leap towards
smarter, faster, and more efficient development of catalytic nanoparti-
cles, setting a new standard for innovation in the field. Currently, the
predictive capability of ML algorithms prioritizes the targeted design
of nanoparticles with desired properties and optimization of synthesis
conditions to improve the yield and quality of the desired nanoparticles.
However, the application of ML for the design, synthesis, and optimiza-
tion of MNMs represents a relatively unexplored frontier [72].
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Cheng et al. employed four machine learning techniques, namely
SVM, K-nearest neighbor (KNN), random forest (RF), and gradient boost-
ing (GB), to predict the self-propulsion speed and water-cleaning effi-
ciency of MNMs, and evaluated the quality of predictions through sta-
tistical calculations [73]. The results showed remarkably low average
absolute errors of 0.10 and 0.12 for predicted velocity and efficiency
for all four methods. The key features crucial for effective environmental
decontamination, including particle size, catalyst type, and aspect ratio,
were identified by comparison using different ML algorithms. A high-
efficiency Pt-coated nanomotor was designed and synthesized based on
these insights confirmed the accuracy of the ML predictions with an
error of less than 15%. This study highlights the potential of GB algo-
rithms for predicting the environmental decontamination behaviors of
MNMs. The focus of this study on water-cleaning properties and appli-
cation of ML to the catalytic decontamination of MNMs make this re-
search novel and promising for future nanomaterial-based wastewater
treatment strategies.

4.2. ML for the motion control and navigation of MNMs

To navigate an MNM from its present position to a specified des-
tination, a delicate balance between the key elements of localization
and path planning is often necessary. The navigation of MNMs con-
stitutes a distinct subclass, with specific requirements stemming from
scale-specific properties. A major challenge involves dealing with the
impact of Brownian motion, which results in spontaneous and unpre-
dictable movement of MNMs. Progress in various ML techniques and
computational capabilities has significantly enhanced our ability to ob-
tain optimal solutions and address path-planning challenges in this con-
text.

Among the first attempts of using RL on active particle navigation,
Biferale et al. investigated the navigation capabilities of smart active
particles, specifically gravitactic swimmers, aiming to ascend to the
highest altitude within a defined time frame against fluid constraints
[74]. Through numerical experiments, they demonstrated that these
swimmers autonomously acquired nearly optimal strategies via RL algo-
rithms, particularly Q-learning. Conventional Q-learning algorithms are
notable because of their simplicity and versatility. This involves storing
the acquired experience of the microswimmer in a Q-matrix that func-
tions as an action-value representation. This matrix encapsulates the
anticipated long-term reward associated with executing a specific ac-
tion in each state, illustrating the ability of the algorithm to capture and
leverage experiential knowledge for informed decision making. Empow-
ered with the capacity of Q-learning to gather partial information about
the immediate fluid surroundings, this study demonstrated that smart
gravitactic swimmers can acquire near-optimal strategies for ascending
by leveraging the inherent flow dynamics. This shows the potential of
RL in navigating microswimmers in complex environments (Fig. 4(a)).
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Fig. 4. Different ML models for the navigation and locomotion of micro/nano swimmer. (a) Set of representative trajectories at different learning episodes for smart
gravitactic particles (blue) compared with typical trajectories for naive gyrotactic particles (red) confined in a trapping dynamic (top) and perturbed flow (button),
trained by RL. Reproduced from [74] with permission. Copyright 2017 American Physical Society. (b) Multi-control scheme for autonomous microrobot navigation,
enabled by 3D sensing and DNNs. Adapted from [77] and used under Creative Commons CC-BY license. (c) Schematic of (left) RL model trained in environments
with known solutions converging to optimal trajectory, and (right) further training in complex environments to provide optimal solutions in analytically inaccessible
cases. Adapted from [78], used under Creative Commons CC-BY license. (d) Schematic of a microswimmer model with three spheres and variable arm lengths
and orientations, trained to swim towards a target direction using Actor-Critic neural networks for decision-making and evaluation. Adapted from [82] and used
under Creative Commons CC-BY license. (e) Illustration of the assembling of microbubbles into a swarm of microrobots through a secondary radiation force and
subsequently manipulated by a primary radiation force, depicted in a sequential flow diagram illustrating the navigation algorithm and instruments. Adapted from

[83] and used under Creative Commons CC-BY license.

Li et al. reported that the locomotion and navigation of MNMs in an
unknown complex environment can be achieved using DRL. A model-
free DRL algorithm was developed to train colloidal microrobots for
efficient navigation in unknown environments with random obstacles.
This approach uses deep neural networks to mimic animal navigation
by processing raw sensory inputs and transforms long-range goals into
short-range goals. Trained microrobots can make navigation decisions
on obstacle avoidance and travel time minimization based on local in-
puts even without global environmental knowledge. The DRL frame-
work adapts to various microrobot dynamics and can be extended to
multi-agent systems, three-dimensional (3D) navigation, and more com-
plex tasks [75]. To enable the continuous control of MNMs for complex
navigation and localization tasks, DRL algorithms based on bioinspired
ANNs combine different navigation events, such as timing constraints
and unknown landscapes [76]. A recent report presented a hierarchical
control scheme for microrobots to navigate and perform tasks in a sim-
plified blood vessel environment. This method involves the use of a hier-
archical control scheme, where a high-level controller decomposes the
global navigation task into smaller subtasks. A low-level DRL controller
then executes these subtasks using 3D convolutional neural networks to
process raw sensory data. This demonstrates that combining 3D sensing
of the local environment with DRL-based control enables robust and ef-
ficient strategies for navigating blood vessels under complex biological
conditions (Fig. 4(b)) [77].

Nasiri and Liebchen introduced an ML approach for determining an
asymptotically optimal path for MNM navigation in an unknown en-
vironment. Utilizing policy-gradient-based DRL without reward shap-
ing or heuristics offers a potential solution for existing analytical tra-
jectory calculations. By combining a hybrid discrete-continuum envi-
ronment representation with advantageous actor-critic algorithms, they
established a robust route designer for smart active particles using a
simplified neural network that fits across various environments, yield-
ing asymptotically optimal trajectories. This research unifies asymptotic
optimality with the capability to handle generic complex settings, sug-
gesting a potential mechanism for active matter (e.g., cells, bioactive
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molecules, and micro-nano robots) to learn optimal navigation strate-
gies across generations without gaining information about their envi-
ronment or target location (Fig. 4(c)) [78].

To address the challenges of environment-adaptive microrobot
swarm navigation, Zhang et al. presented a comprehensive framework
defining distinct autonomy levels and the corresponding system com-
ponents by training a DNN [79]. They demonstrated the effectiveness
of this approach in enabling microrobot swarms to learn optimal dis-
tributions in diverse unstructured environments and devised a reconfig-
urable magnetic nanoparticle swarm that exhibited autonomous naviga-
tion capabilities for targeted delivery and cargo transport amid obsta-
cles or channels. By training a DNN to mimic optimized solutions and
implementing them for real-time decision-making, they achieved au-
tonomous swarm distribution planning. Validation through real-world
demonstrations underscores the potential of introducing computational
intelligence to MNM swarms, enabling adaptive decision-making and
control under dynamic working conditions.

To facilitate the control and navigation of a more intricate MNM
model instead of a singular or one-dimensional swimmer, Tsang et al.
introduced a simple reconfigurable system consisting of three spheres
with the same radius but different centers, connected by two arms with
variable lengths and orientations, to add more degrees of freedom and
complexity than those in previous studies [80,81]. Furthermore, they
integrated DRL to empower a reconfigurable microswimmer system to
autonomously execute intricate maneuvers in a low-Reynolds-number
environment. This DRL framework enabled the microswimmers to adapt
their locomotory gaits for tasks, such as targeted navigation and path
tracing, without explicit programming. Furthermore, the ML-powered
swimmers exhibited multimodal gait switching, reminiscent of swim-
ming microorganisms, demonstrating versatility and robustness against
background flow perturbations, which is ideal for applications such as
targeted drug delivery and microsurgery. In contrast to traditional pro-
gramming, this approach resembles bacterial run-and-tumble behavior,
emphasizing the versatility and autonomy achieved through ML-guided
locomotion (Fig. 4(d)) [82].
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Its ease of implementation, coupled with its ability to deeply pene-
trate tissues, makes US an intriguing and versatile tool for manipulat-
ing MNMs. Researchers have extensively demonstrated the utility of US
in various MNM-related studies. In a study, Ahmed et al. implemented
a RL control strategy for US-activated microrobots, involving accurate
object detection, tracking, and manipulation. The system demonstrated
autonomous navigation in a fluidic environment, propelled by the com-
bined action of primary and secondary acoustic radiation forces. The
training of microrobots with more than 100000 images revealed un-
expected dynamics; the control strategy was robust, enabling indepen-
dent navigation in unstructured environments. The method was vali-
dated through the transport of microrobot swarms to user-defined tar-
gets, with an empirical exploration of the critical factors affecting per-
formance. The RL strategy, which interfaces with US components and
image analysis, allows the microrobots to autonomously identify prede-
fined patterns. The adaptability, model-free control, and demonstrated
capabilities of this system indicate its potential for studying and guiding
various acoustic microrobot propulsion systems (Fig. 4(e)) [83].

4.3. ML for the coordination of multi-MNMs

MNMs rarely work independently, and they usually form groups that
flock together in specific patterns. Therefore, studying the coordination
of multi-MNM is crucial for understanding and controlling MNM nav-
igation. As discussed previously, various studies have shown that ML
algorithms can analyze the behavior of individual MNMs and model
their responses to different stimuli or environmental conditions, form-
ing the basis for coordination strategies. ML techniques, such as RL, can
be employed to simulate and study the behavior of a group of MNMs.
By allowing MNMs to learn from their interactions and adapt their be-
haviors based on feedback, ML facilitates the emergence of coordinated
actions within a population. Furthermore, ML models facilitate com-
munication protocols among MNMs by developing algorithms for effi-
cient information exchange, consensus-building, and decision-making
processes to ensure synchronized actions within a group. By leveraging
the capabilities of ML, we can gain insights into the coordination dy-
namics of multi-MNMs, optimize their collective behavior, and develop
intelligent and adaptive systems capable of efficiently performing com-
plex tasks in various applications, such as targeted drug delivery and
environmental monitoring.

Li et al. introduced a multi-agent stochastic feedback control frame-
work for colloidal microrobot swarms, focusing on capturing Brown-
ian cargo particles in complex environments such as mazes. Algorithmic
control orchestrates intelligent and adaptive behaviors, including target
site generation, optimal assignment, and approximate motion planning.
Robot swarms efficiently navigate stochastic trajectories and capture
cargo particles using robust and flexible strategies. Systems accommo-
date diverse local geometries, swarm sizes, and maze configurations,
demonstrating their resilience and adaptability. The algorithm proved
effective in capturing one or more Brownian cargo particles in maze en-
vironments, demonstrating its potential in achieving sophisticated func-
tions at the microscopic scale. This multi-agent feedback control algo-
rithm represents a significant step towards realizing intelligent micro-
robot systems capable of performing complex tasks in challenging envi-
ronments [84].

5. Challenges and opportunities

MNMs have garnered significant interest owing to their poten-
tial in diverse fields ranging from environmental remediation to
nanomedicine. The challenge of designing control systems for optimal
trajectory and precise localization presents both opportunities and hur-
dles in the current MNM landscape. Through this review, we demon-
strated that ML offers significant potential for aiding the synthesis, con-
trol, navigation, and understanding of the coordination of MNMs. De-
spite this promise, certain challenges must be overcome.
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Currently, the application of ML to the design and synthesis opti-
mization of micro/nanoswimmers represents a largely unexplored area
of research. ML-aided structure prediction, composition selection, and
shape optimization can enhance our understanding of the relationships
between material properties, propulsion mechanisms, and environmen-
tal interactions that govern their performance. Another prominent chal-
lenge is the need for vast amounts of high-quality labeled data to train
robust and accurate models. Acquiring and annotating such datasets can
be labor and cost intensive. However, ML techniques such as data aug-
mentation, transfer learning, and semi-supervised learning can mitigate
these challenges. Data augmentation enhances data diversity and robust-
ness by applying transformations to the existing data. Transfer learning
reuses pretrained models on similar tasks, reducing the need for exten-
sive labeled data and speeding up training. Semi-supervised learning
leverages a small amount of labeled data with a large amount of unla-
beled data, thereby improving model performance with minimal manual
labeling. These advanced ML techniques can be considered in the future
to enhance data quality and utility, reduce the dependency on extensive
manual labeling, and develop more robust and accurate MNM models.

Navigating and controlling MNMs at the microscale level involves
complex fluid dynamics, and interactions with diverse and dynamic en-
vironments can be challenging for numerical model development and
data processing. Furthermore, these approaches are time- and energy-
intensive. Additionally, when MNMs are applied to biological systems,
they require for biocompatibility; furthermore, they encounter complex-
ities in biological environments, such as potential immune responses,
which are factors currently beyond the predictive capability of ML.
Real-time control poses another challenge because dynamically adjust-
ing MNMs in response to environmental changes is difficult. Therefore,
developing algorithms that enable MNMs to adapt and respond swiftly
is crucial. To address these challenges, RL techniques such as deep Q-
networks (DQN) and proximal policy optimization (PPO) can enable
MNMs to learn optimal navigation strategies and adapt in real time.
Graph-based methods such as graph convolutional networks (GCNs) and
graph attention networks (GATs) can model the interactions between
MNMs and their environment, facilitating coordinated control. Hybrid
approaches, such as graph and multi-agent RL, combine these strengths
to enhance decision-making and coordination. Transfer learning, includ-
ing domain adaptation, can reduce data requirements by adapting pre-
trained models to new conditions. In addition, physics-informed neural
networks incorporate physical laws into ML models for more accurate
predictions, whereas online learning and edge computing enhance real-
time adaptability and processing. These advanced techniques can collec-
tively improve the performance in navigating complex fluid dynamics
and diverse environments, particularly in biological systems.

Although simulations serve as a crucial tool for generating training
data for ML algorithms, the effectiveness of ML models trained on simu-
lated data depends on the accuracy of the simulation in mimicking real-
world conditions, which varies across disciplines. The limited accessibil-
ity of real-time data from MNMs poses a further challenge for training
accurate ML models. Addressing this challenge involves grappling with
the complex task of assigning uncertainty to simulated data, particularly
in the context of multi-fidelity learning approaches. These approaches
aim to accommodate variations in the accuracy of distinct subsets of
training data. Additionally, uncertainty estimation techniques, such as
Bayesian neural networks, dropout as a Bayesian approximation, and
ensemble methods, can be employed to quantify the uncertainty in pre-
dictions. By incorporating uncertainty estimations, researchers can iden-
tify and mitigate the risks associated with uncertain predictions, leading
to more reliable and robust models. In summary, addressing the chal-
lenges of data availability, system complexity, uncertainty, and control
integration is pivotal for advancing the application of ML in MNMs.

However, the intersection of ML and MNMs presents a broad range
of opportunities. By leveraging ML algorithms, researchers can use vast
amounts of data to uncover the patterns and relationships that affect
the design and operational parameters of MNMs. This approach can sig-
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nificantly accelerate the development process, enabling the rapid pro-
totyping of swimmers with optimized shapes, materials, and propulsion
strategies, tailored to specific applications. Another important opportu-
nity is the ability of ML algorithms to enhance the autonomy and adap-
tive capabilities of MNMs. ML enables learners to learn, respond to en-
vironmental cues, and optimize their performance over time. Moreover,
ML is a powerful tool for extracting meaningful insights from the vast
amount of data generated by MNM experiments. The intricate interac-
tions, fluid dynamics, and propulsion mechanisms involved in these sys-
tems can be better understood and modeled using ML, providing valu-
able information for design optimization. Additionally, ML facilitates
the prediction of MNM behavior under different conditions, allowing
virtual simulations and reducing the reliance on time-consuming and
expensive physical experiments. From enhancing autonomy and adapt-
ability to enabling precise control and accelerating design processes, ML
offers a wealth of opportunities to unlock the full potential of MNMs for
application in fields as diverse as medicine, environmental science, and
materials engineering.

Moreover, ML is a powerful tool for extracting meaningful insights
from the vast amount of data generated by MNM experiments. The intri-
cate interactions, fluid dynamics, and propulsion mechanisms involved
in these systems can be better understood and modeled using graph-
learning techniques, including GCNs. Graph learning is particularly well
suited for modeling complex systems where the relationships and inter-
actions between components are as important as the individual com-
ponents themselves. Graph learning can provide a robust framework for
understanding and controlling interactions between multiple MNMs and
their environments. Each MNM can be represented as a node in a graph
with edges that capture their interactions, such as collisions, cooperative
behaviors, and responses to external stimuli.

Graph learning can enhance the understanding of MNM swarm be-
haviors, allowing for the development of more sophisticated coordina-
tion strategies. For instance, GNNs can be used to model the dynamic
behavior of MNM swarms in real time, facilitating adaptive and au-
tonomous decision-making processes. This can lead to optimized col-
lective movements and task performance in complex environments. By
leveraging the inherent relational structure of graphs, GNNs can effi-
ciently process information from large numbers of interacting MNMs,
identify patterns, and predict future states of the system.

Moreover, integrating graph learning with RL can further enhance
the MNM capabilities. This hybrid approach enables MNMs to learn op-
timal navigation and coordination strategies by interacting with their
environment, thereby improving their ability to handle dynamic and
unpredictable conditions. Graph-based reinforcement learning can also
facilitate the development of decentralized control algorithms in which
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each MNM operates based on local information while contributing to
the overall objective of the swarm.

Exploring graph-learning techniques can also improve the scalabil-
ity of MNM systems, allowing the management of large swarms with
minimal computational overhead. This is particularly important for ap-
plications that require extensive area coverage, such as environmental
monitoring and cleanup operations. In addition, graph learning can aid
the design of more robust MNMs that can maintain their functionality in
the presence of individual failures or adverse environmental conditions.

One potential challenge in implementing GNNs in MNMs is the lim-
ited amount of data generated by MNM experiments. However, this chal-
lenge can be addressed using new graph augmentation techniques, such
as the graph mixup strategy [85], to improve the generalizability and ro-
bustness of the model in data-limited situations. By creating biologically
realistic synthetic samples through interpolation, these techniques can
enhance the performance of graph-learning models in MNM research.

Another important limitation of current ML applications for MNMs
is the generation of interpretable results. Many ML models, particularly
deep learning algorithms, function as "black boxes", making it difficult
to understand the underlying mechanisms driving their predictions and
decisions. This lack of interpretability is a critical drawback for MNM
applications, where clear insights into the model behavior are essential
for validation, troubleshooting, and optimization. The complex interac-
tions within MNM systems coupled with their diverse and dynamic op-
erational environments exacerbate this challenge. Although techniques
such as feature importance analysis, model simplification, and explain-
able artificial intelligence (XAI) are being explored to address these is-
sues, their application in MNM research is still in its early stages. En-
hancing the transparency and interpretability of ML models is crucial
for gaining trust in these technologies and effectively integrating them
into practical MNM applications. Achieving this will require interdisci-
plinary efforts to develop and apply novel XAI methods tailored to the
challenges posed by MNMs. The above-mentioned challenges and oppor-
tunities in ML-guided MNM design and control have been summarized
in Fig. 5 for better illustration.

6. Conclusions and outlooks

In this review, we provided a brief overview of the current state-
of-the-art MNMs in terms of their mechanisms and applications. We
then introduced the general concept of different machine-learning tech-
niques, followed by an in-depth exploration of several examples of ML-
assisted MNM design, control, navigation, and coordination strategies.

ML-assisted MNMs have exciting possibilities in the future. Contin-
ued advancements in ML algorithms and their integration with MNM
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technologies can lead to autonomous micro/nanorobotic systems with
enhanced adaptability, learning capabilities, and decision making in
real-time scenarios. The incorporation of graph-learning techniques,
such as GNNs, can provide a robust framework for understanding and
controlling MNM interactions, enabling more sophisticated coordination
strategies and scalable systems. However, this field faces several chal-
lenges, particularly when generating interpretable results from complex
ML models. Addressing these challenges is crucial for validating and
optimizing the performance of MNMs. Interdisciplinary collaboration
between experts in ML, robotics, materials science, and nanotechnol-
ogy will play a pivotal role in unlocking the full potential of ML-guided
MNMs.

As the field progresses, researchers need to explore novel applica-
tions, pushing the boundaries of MNM capabilities towards targeted
drug delivery, sensing, and even complex tasks within biological sys-
tems. By overcoming the current limitations and leveraging advanced
ML techniques, the potential of MNMs in various scientific and engi-
neering domains will continue to expand.
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