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Abstract

Prosthetic devices designed to assist individuals with damaged or missing body parts have made
significant strides, particularly with advancements in machine intelligence and bioengineering.
Initially focused on movement assistance, the field has shifted towards developing prosthetics
that function as seamless extensions of the human body. During this progress, a key challenge
remains the reduction of interface artifacts between prosthetic components and biological
tissues. Soft electronics offer a promising solution due to their structural flexibility and
enhanced tissue adaptability. However, achieving full integration of prosthetics with the human
body requires both artificial perception and efficient transmission of physical signals. In this
context, synaptic devices have garnered attention as next-generation neuromorphic computing
elements because of their low power consumption, ability to enable hardware-based learning,
and high compatibility with sensing units. These devices have the potential to create artificial
pathways for sensory recognition and motor responses, forming a “sensory-neuromorphic
system” that emulates synaptic junctions in biological neurons, thereby connecting with
impaired biological tissues. Here, we discuss recent developments in prosthetic components and
neuromorphic applications with a focus on sensory perception and sensorimotor actuation.
Initially, we explore a prosthetic system with advanced sensory units, mechanical softness, and
artificial intelligence, followed by the hardware implementation of memory devices that
combine calculation and learning functions. We then highlight the importance and mechanisms
of soft-form synaptic devices that are compatible with sensing units. Furthermore, we review an
artificial sensory-neuromorphic perception system that replicates various biological senses and
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facilitates sensorimotor loops from sensory receptors, the spinal cord, and motor neurons.
Finally, we propose insights into the future of closed-loop neuroprosthetics through the
technical integration of soft electronics, including bio-integrated sensors and synaptic devices,

into prosthetic systems.

Keywords: soft electronics, synaptic devices, sensory-neuromorphic system,

closed-loop neuroprosthetics

1. Introduction

Prostheses designed to assist individuals with the absence
or impairment of tissues such as nerves, brain, muscles, or
sensory receptors have been extensively developed over sev-
eral decades. Early prosthetic devices, made from wood or
pure metals, were primarily constructed to provide structural
support!!-2. However, these early prostheses were physically
limited in their ability to support the complex range of move-
ments required for daily life. To address these limitations,
prosthetic devices have evolved to incorporate electronic tech-
nologies that detect signals such as muscle signals, allow-
ing the device to interpret the user’s intentions and adjust
accordingly!® ~¢!. Recent advancements in artificial intelli-
gence (Al), robotics, tissue engineering, and neural engineer-
ing have significantly enhanced the performance and conveni-
ence of prosthetics!’ ~!3]. Notable studies include the devel-
opment of data processors and software methodologies cap-
able of handling large volumes of datal’~°!, real-time status
displays!!°~'21 and actuators for precise movement!!3—151,
Still, most innovations have focused on preprogrammed actu-
ation of robotic motor responses to sensory signals rather
than providing realistic perception of external environments
or seamless interaction with the human body!'®!71. For user-
customized prosthetic devices to function continuously and
efficiently as an extension of the human body in daily life,
a closed-loop operation of the entire system is required. This
system involves continuous feedback between biological tis-
sues (e.g., brain, nerves, and muscles) and electronic com-
ponents (e.g., robotic motors and displays) to ensure accurate,
high-speed, convenient, and low-power operations.

To develop highly accurate and responsive prostheses that
enable artificial sensory perceptions and neural interactions,
numerous studies have focused on improving the performance
of individual components and enhancing interfaces for bet-
ter integration!'® =231, Sensing units, one of the critical com-
ponents of prosthetic devices, have been developed in two
main trends: (i) improving the quality of sensor data through
material and structural innovations!'8 2% and (ii) developing
software algorithms and hardware fabrications to process data
obtained from these sensors!?! =231 In the first strategy, soft
sensors are designed to conform to irregular tissue surfaces,
enabling bidirectional neural interfaces that capture biological
signals and provide electrical stimulation to nerves for robotic
control. The second strategy involves exploring the utilization
of Al and other advanced software based on deep-learning

methods to process complex datasets. As the size of the collec-
ted and required information from the sensors increases and
becomes complicated, post-processing steps with intelligent
algorithms have become essential for the precise control of
prosthetics and real-time diagnosis of the user’s condition, due
to the decoupling of noise signals and customized systems.

Yet, Al-based software faces challenges in hardware imple-
mentation, which is crucial for achieving high speed and
reducing power consumption in prosthetic systems!?*—261,
To address these limitations, researchers have proposed
hardware-based processing units that combine calculations
and memory functions'?’ ~3*!. Conventional in-memory com-
puting devices based on traditional computer architectures,
which are based on complementary metal-oxide semicon-
ductors (CMOS), suffer from the von Neumann bottleneck,
leading to high power consumption and spatial inefficiency
due to the separation of the central processing unit (CPU)
and memory devices!?’~3°!. By mimicking the neurons and
synaptic junctions of the brain, neuromorphic computing
enables simultaneous computation and storage with signific-
antly reduced power consumption, suggesting a promising
solution to these issues/*' =31, This approach has attracted
attention in the fabrication of various memory devices, offer-
ing superior performance and high scalability from device
to chip levels. However, integrating memory-based comput-
ing chips with soft sensors remains challenging for prosthetic
applications, as these memory units, designed for processing
and learning structured datasets, struggle with unstructured
and irregular sensory signals from soft sensory units!3> =371,
Thus, there is a need for soft, neuro-inspired processing
units that efficiently handle biological data while minimizing
mechanical mismatches and signal interference with sensory
units.

Synaptic devices, which replicate biological synaptic junc-
tions, are promising candidates to address these challenges.
In the human body, the transmission, storage, and learning
of biological signals are mediated by synapses between neur-
ons (Figure 1(a)). Neurotransmitters are released from presyn-
aptic to postsynaptic neurons through the synaptic cleft, where
action potentials are multiplied by analog synaptic weights
and summed to generate spike signals!*~%3!. Similarly, syn-
aptic devices multiply the voltage input signal by conduct-
ance to produce a current signal as the output (Figure 1(b)).
These artificial synapses with multiple analog states are highly
compatible with analog signals from sensory units, offer-
ing low-power computation, and efficient data transmission
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Figure 1. Overview of biological neural pathways (left) and an artificial prosthetic system (right) illustrating human-integrated closed-loop
neuroprosthetic technologies. (a) Biological synapse. (b) Artificial synaptic devices. (c) Biologicalsensory-perception pathways. (d) Biological
sensorimotor pathways. (e) Artificial sensory-neuromorphic system. (f) Neuromorphic closed-loop operations of prosthetics. [Illustrations in
(a)—(f) Created in BioRender. Son, D. (2025) https://BioRender.com/f95i862].

with non-volatile properties!**~4¢1, Memristors and transist-
ors are commonly used to fabricate artificial synapses, mak-
ing them suitable for integration with sensors due to their
physical, chemical, and electrical interactions within their
inherent structures'*’ —>'1. In addition to mimicking the struc-
ture and mechanisms of biological systems, recent research
has focused on emulating neural pathways composed of tril-
lions of neurons and synapses'>> %!, In biological systems,
neural pathways include the afferent pathway, which trans-
mits sensory signals from sensory receptors (e.g., skin, eyes,
and nose) to the brain (Figure 1(c)), and the efferent pathway,
which carries motor responses from the nervous system to
muscles and other neural tissues (Figure 1(d)). These pathways
form a sensorimotor loop, continuously updating commands
and signals through feedback. Meanwhile, artificial sensory-
neuromorphic systems, which replicate these partial loops or
pathways, aim to create a fully connected closed-loop system
for sensory perception by integrating synaptic devices with
sensing units (Figure 1(e))*®~%"). Neuromorphic computing
enabled by synaptic device arrays offers higher speed and
reduced power consumption, while soft form factors facilitate
signal transmission between damaged nerve tissues and pros-
thetic devices with minimal mechanical interference, paving
the way for artificial sensory perception systems. Leveraging

these advantages, demonstrating various pathways of the
neural system through proper placement and connection of
artificial sensors and synapses has become a key approach for
developing customized prosthetic devices for daily use, offer-
ing efficient signal transmission and storage. Ultimately, by
combining these bio-inspired sensory-perception-motor path-
ways, feedback signals followed by motor actuation enable the
continuous closed-loop operation of neuroprosthetics, which
is similar to that of the human body (Figure 1(f)).

In this review, we introduce the concept of a smart sensory-
prosthetic system that integrates soft sensors with processing
units and Al systems, along with the chip-level hardware
implementation of neuromorphic computing devices for data
processing. We also explore the mechanisms of synaptic
devices with soft form factors that are highly compatible with
irregular signals from soft sensors, as well as their applica-
tions in artificial sensory perception and the implementation
of sensorimotor loops in clinical prosthetic systems and soft
electronics. Finally, we propose a perspective that the com-
bination of these enhanced components, pathways, and loops
can lead to the development of a fully customized closed-
loop electrical prosthetic system, offering sustained stability
and convenience to individuals with physical impairments.
Unlike other previous reviews and perspective papers, this
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review not only provides the technical background and state-
of-the-art advancements for each critical component of soft
prosthetics—such as sensors, processors, synaptic devices,
and integrated uni-/bidirectional artificial sensory systems—
but also outlines future technical solutions and directions for
achieving seamless and stable closed-loop prosthetics. We
expect the following sections in this review to serve as a tech-
nical guide for next-generation human-machine interfaces and
neuromorphic systems.

2. Developments of
hardware-implemented
devices

smart prosthetics and
in-memory  computing

2.1. Smart prosthetics with soft sensors

For artificial perception, data acquisition and transmission
are key factors for connecting real-world stimuli to pros-
thetic systems. The five biological senses—visual, audit-
ory, olfactory, gustatory, and tactile—rely on numerous
receptors to receive information from external stimuli in
daily lifel6!-62] Additionally, various signals such as elec-
tromyography (EMG), electrocardiography (ECG), electro-
cochleography (ECoG), and electroencephalography (EEG)
are generated by biological tissues such as muscles, the heart,
and the brain, which play important roles in healthcare dia-
gnostics and capturing user intentions!®3 %1, Despite sig-
nificant advancements, challenges remain in achieving effi-
cient and accurate physiological data acquisition, especially
concerning signal interference and noise in dynamic and
unexpected situations. To address these challenges, research-
ers are trying to integrate high-performance sensors with
machine-learning-based smart Al technologies to enable pre-
cise recognition and control of prosthetic movements using
obtained datasets'®’ 7%, Figure 2(a) presents a schematic
of a prosthetic system under development, compatible with
soft sensors. This system typically consists of sensing, pro-
cessing, and actuating units, each optimized for higher accur-
acy, convenient usage, and biocompatibility. The following
sections highlight the key trends and representative examples
of research on sensor-integrated smart prosthetic systems.

2.1.1. Soft, bioadaptive prosthetics with sensory signal map-
ping.  Biological sensors are crucial for prosthetic systems
because they interpret physiological signals to enable accur-
ate responses to user intentions and environmental changes.
Early research primarily used rigid sensors, which had per-
formance limitations due to various issues such as mechan-
ical mismatch, poor conformal attachment, and inflammatory
responses! > =771, In contrast, softer sensors—designed with
flexible and stretchable mechanical properties—offer signi-
ficant advantages such as conformal adhesion to the irregu-
lar surfaces of human skin and durability against mechanical
deformation caused by physical movement, enabling precise
sensing even in noisy environments!’8 =391, Various fabrication
strategies have been developed to enhance the flexibility and
stretchability of these sensors, such as adopting rigid island

structures with wavy or buckled patterns and using strain-
dissipative interconnections such as serpentine or kirigami-
based designs!7!:72-81.821,

Material innovations have also played a key role, with
researchers combining conductive or semiconducting fillers
with intrinsically stretchable elastomers!® 8! or depositing
crack-based metals on elastomers!®%-871, By utilizing sensors
with mechanical properties similar to human skin and eyes,
these sensors can be effectively mapped to sense and con-
trol prosthetic or robotic movements through classification
by microcontrollers. For example, in terms of visual sensors,
a high-density curved image sensor array (CurvIS) based
on a MoS,;-graphene heterostructure was proposed to mimic
the structure of the biological eye!’!l. This CurvIS, signi-
ficantly thinner (51 nm) and capable of withstanding higher
strain (~23%) than silicon-based photodetectors (~1%), was
designed using a strain-isolation technique, with MoS, and
graphene serving as photoabsorbing layers and interconnec-
tions, respectively (Figure 2(b)). The CurvIS array was con-
formally attached to a concave hemispherical dome, similar to
the biological eye (Figure 2(c)). Finally, the proposed photode-
tectors not only captured images accurately without the need
for additional IR filters but also amplified and programmed
visual signals using microcontrollers and amplifiers, facilit-
ating efficient electrical stimulation of the retina and ECoG
signal measurements (Figures 2(d) and (e)). Meanwhile, arti-
ficial skin prostheses require multisensory capabilities, includ-
ing responsiveness to various temperatures, motions, and tact-
ile stimuli, along with mechanical softness. A representat-
ive example is the proposal of a stretchable prosthetic skin
that incorporates ultrathin single-crystalline silicon nanorib-
bon (SiNR) sensor arrays for mechano- and thermosensation
(Figure 2(f))!7?]. This artificial skin features stacked struc-
tures composed of sensing layers (strain, pressure, temper-
ature, and humidity sensors) and actuating layers (heaters)
arranged using customized geometrical designs to maximize
spatial efficiency and minimize interference between compon-
ents. P-type doped SiNRs or gold nanoribbons are passiv-
ated with polyimide (PI) layers to create sensor devices with
high piezoresistivity. To prevent mechanical failures due to
low fracture toughness, the sensors and actuators were fab-
ricated with ultrathin serpentine structures, which enhanced
stretchability (~20%). Integrating these devices into pros-
thetic limbs allowed for demonstrations of mapping changes
in electrical properties (e.g., resistance, capacitance, and cur-
rent) in response to various daily situations, further advan-
cing the application of electronic skins (Figures 2(g) and (h)).
Extensive research continues to focus on improving prosthet-
ics with enhanced sensor performance and mechanical soft-
ness using various structural and material strategies.

2.1.2. Soft, bioadaptive prosthetic systems assisted by arti-
ficial intelligence. As sensor technology advances, the
volume and diversity of biological signal data have increased,
creating the need for effective processing, storage, and user-
specific customization. To address these issues, Al methods,
such as machine learning and cloud computing, have gained
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Figure 2. Prosthetic systems with soft sensors assisted by artificial intelligence. (a) Schematic of the human-integrated prosthetic system
with soft sensors. (b)—(e) Human-eye-inspired flexible MoS;-graphene image sensor array. (b) Schematic of the CurvIS array device. Inset:
optical microscope image of a single MoS;-graphene phototransistor. (c) Schematic of the ocular structure of the eye integrated with a soft
optoelectronic device. (d) Image with a sigma shape captured by the CurvIS array. (e) Circuit diagram of electronics for detecting light signals
(bottom) and applying stimulation to the brain (top). (b)—(e) Reproduced from!’"". CC BY 4.0. (f)—(h) Stretchable electronic skin with silicon
nanoribbon. (f) Optical image of the artificial electronic skin with stretchable sensors and actuators on a prosthetic hand. Scale bar: 1 cm.
Inset: photograph of 20%-stretched artificial skin. (g) Image of the prosthetic upper limb tapping a keyboard (top left) and corresponding
resistance change of the SiNR pressure sensor (top right). Scale bar: 10 cm. Image of the prosthetic limb grasping a baseball (bottom left)
with corresponding resistance change of the SiNR pressure sensor showing dynamics of the prosthetic hand in grasping, maintaining, and
relaxing motions (bottom right). Scale bar: 5 cm. (h) Images of the prosthetic upper limb touching a cup of hot (top left) and cold water (bottom
left), with corresponding current change in the SiNR temperature sensor (PIN diode, red), and the actual temperature trace measured by the IR
sensor (blue dots) (hot: top right, cold: bottom right). Scale bar: 3 cm. (f)—(h) Adapted from!”*!, with permission from Springer Nature. (i)—(k)
Stretchable quantum-dot nanocomposite-based phototransistor array devices to compensate for noise induced by mechanical deformation.
(1) Schematic of visual prosthetic system improving accuracy of the mechanically deformed phototransistor array. (j) Normalized current
signals of R, G, and B image patterns in mechanically deformed states. (k) Confirmation of the incident light color through a color-sensing
algorithm based on corrected image patterns achieved after the application of the DNN from flat and deformed images. (i)—(k) Adapted
from!”!, with permission from Springer Nature. (I)=(n) Intelligent upper-limb exoskeleton for strength assistance and augmentation. (1)
Overview of the operation of intelligent upper-limb prostheses with soft EMG sensors and actuators. (m) Flowchart describing the process
of intent-driven exoskeleton actuation for strength augmentation. (n) Photograph of exoskeleton in daily use. (I)~(n) Reproduced from!"™.
CC BY 4.0. [Mlustrations in (a) Created in BioRender. Son, D. (2025) https://BioRender.com/s47x778.].
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significant attention for their ability to handle large data-
sets with high accuracy and automated processes, and for
integration with soft electronics!’3-7+88=%1 The combina-
tion of Al technologies with soft electronics not only offers
the ability to decouple signal variations and noise due to
sensor deformation!7*-881_but also to analyze user-specific sig-
nal characteristics, facilitating the development of customized
prosthetics tailored to individual needs!’3-8%:901,

A notable example is the application of a deep neural
network (DNN) algorithm with a 5 X 5 X 3 shape-
tunable phototransistor array, which maintains perform-
ance even when deformed, mimicking the adaptability of
the human eye!’3!. Leveraging surface energy mismatch
between materials, a semiconductor channel composed
of poly[2.5-(2-octyl dodecyl)-3,6-diketopyrrolopyrrole-alt-
5,5-(2,5-di(thien-2-yl)thieno[3,2-b]thiolphene) | (PDPP2T-TT-
OD) semiconductive materials and quantum dots (QDs) mixed
with a polystyrene-block-poly(ethylene-ran-butylene)-block-
polystyrene (SEBS) elastomer matrix was introduced as a
stretchable photosensitive layer. Multispectral sensors are
fabricated by stacking RGB pixels in a misaligned structure.
Optical aberrations caused by deformation were corrected
using machine learning, demonstrating the potential of this
technology as a visual prosthesis (Figure 2(i)). Raw images
obtained from the deformed device were corrected using a
color-sensing algorithm based on a DNN algorithm and soft-
max function, yielding a high-accuracy visual information
sensing system (Figures 2(j) and (k)).

In another study, an exoskeleton equipped with soft
EMG sensors and cloud-computing processing methods was
developed for customized prosthetics!’*. Soft EMG sensors
composed of stretchable gold nanomembrane electrodes on
a silbione substrate with serpentine designs, a silicon-based
adhesive patch, a flexible circuit, and a switchable battery were
conformally attached to the skin surface of various muscles
to capture user intentions through muscle activation. Signals
from the sensors were wirelessly transmitted to a cloud-
computing server through a flexible circuit with band-pass
filters and rectifiers and utilized to recognize muscle activa-
tion and predict motion classes in real time using deep learn-
ing techniques such as convolutional neural networks (CNN)
and long short-term memory (LSTM) (Figure 2(m)). While
the cloud-computing server stored muscle activation data for
real-time applications, CNN and LSTM methods efficiently
classified large data volumes, minimized variations between
subjects, and ensured consistent performance. Pneumatic arti-
ficial muscles integrated with soft EMG sensors contract based
on predicted classes, driving exoskeleton movements that aug-
ment the user’s strength according to their intentions. This
Al-driven prosthetic system demonstrated a maximum accur-
acy of 97.01%, enabling the successful use of prosthetics in
daily life (Figure 2(n)). Thus, the integration of advanced
sensor technologies with Al-driven data processing has sig-
nificantly advanced the development of highly accurate, user-
customized prosthetic systems.

2.2. Modern fully hardware-implemented neuromorphic com-
puting system integrated with CMOS-compatible compute-in-
memory chip

2.2.1. On-chip compute-in-memory system based on conven-
tional memory devices.  To realize a fully functional closed-
loop neuroprosthetic system capable of replicating the sensor-
imotor functions of natural organs, it is essential to implement
sensory-mimicking artificial perception systems that can gen-
erate motor plans and execute correct actuation in response
to perceived stimuli. In addition to sensory-receptor-inspired
sensor devices with high sensitivity and selectivity, developing
processor units capable of deriving more complex perceptions
by recalling past sensory stimuli is crucial for integration into
intelligent computing systems. To achieve this, artificial intel-
ligence systems must transcend the traditional von Neumann
computing architecture by combining storage and computing
operations with high efficiency and low power consumption,
making them suitable for portable platforms, such as wear-
able or implantable schemes that can interface with the human
body. One promising approach is the development of neur-
omorphic systems that employ a compute-in-memory (CIM)
scheme, mimicking the crossbar structures and operating
methods of the brain’s biological neurons and synapses to per-
form both data storage and computation within a single device.
This approach resolves the bottleneck between computation
and data storage units, thus maximizing power consumption
efficiency. Among fully hardware-implemented computing-
in-memory neuromorphic systems, the most advanced tech-
nology relies on CMOS devices!! ~*°1. Neuromorphic CIM
chips based on static random-access memory (SRAM), whose
device configuration consists only of CMOS transistors, have
already been manufactured by industry (e.g., TrueNorth chips
from IBM and LoiHi chips from Intel)!'%%1°!1 Compared to
other commercial devices, including dynamic random-access
memory (DRAM) and flash memory, SRAM is preferred as a
unit device for in-memory computing neuromorphic systems
due to its high data access speed, low latency, and low standby
power. Recent advances in SRAM-based neuromorphic chips
focus on improving the computational efficiency of neural net-
work models and introducing customized SRAM configura-
tions and neuron circuits for specific advancements!'92— 1121,
One notable advancement in SRAM CIM chips is the develop-
ment of an accelerator for spike neural networks (SNN)[H131,
This system features a synapse storage module (SSM) using
transposed 8-T SRAM cells to store synaptic weights and
perform analog spike accumulation (Figure 3(a)). The pro-
posed analog neuromorphic chip integrates an SRAM syn-
apse array with peripheral driving circuits, incorporating an
input-to-spike converter (I2SC) circuit designed with a counter
and pulse generator, a digital neuron module (DNM) com-
posed of digital arithmetic logic units (ALUs), a 4-bit counter,
neuron registers, a weight update module (WUM) containing
ALU-based weight calculators and an update design block,
and programmable configurations, while excluding analog-to-
digital converters (ADC) and digital multipliers (Figure 3(b)).
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On-chip compute-in-memory system based on conventional memory devices
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Figure 3. Fully hardware-implemented neuromorphic compute-in-memory systems integrating conventional CMOS memories or emerging
memory devices into an artificial synapse array. (a)—(f) In-memory computing chips utilizing industry-level CMOS memory devices. (a)
Transposed 8-transistor (8§ T) SRAM cell for synaptic weight storage and analog spike accumulation. (b) Schematic of the overall system
architecture of the compute-in-memory (CIM) chip with 8 T-SRAM synapses. (c) Microscopic image of the implemented CIM chip fab-
ricated using 65-nm CMOS technology. (a)—(c) © (2020) IEEE. Reprinted, with permission, from''*!, (d) Schematic of the LL8T SRAM
cell employed in ACIM operation. (e) Block diagram of the SNN-ACIM circuit using the LLST SRAM array. (f) Microscopic image of a
fabricated chip based on the 90-nm foundry process. (d)—(f) Reproduced with permission from'!'). CC BY-NC-ND 4.0. (g)—(I) Advanced
neuromorphic systems employing memristive artificial synapses from next-generation resistive memory devices. (g) Schematic of the over-
all system architecture of a fully hardware-implemented memristive neuromorphic system incorporating eight memristor-based PE units,
peripheral functional DRAM blocks, an ARM core, and control units. (h) Photograph of the PCB-implemented memristive neuromorphic
hardware system. (i) Schematic of the memristor convolver circuit for convolution operations in a typical slipping process. X, » indicates the
relevant pixels at the crossing of rows m and n in a multiplexed artificial synapse array. Kernels i and j have synaptic weights of 3 x 3. All
word lines (WL) were biased with Vwi, = 4.5 V. The pulses applied to bit lines (BL) were 0.2 V, and the source lines (SL) were clamped
with Vs = 0 V during the entire parallel computation process. w represents the element value of the synaptic weight matrix, and g* and
g~ represent the conductance values for the positive and negative weights in the differential pair, respectively. (2)—(i) Adapted from!!'>!,
with permission from Springer Nature. (j) Schematic of the overall system architecture of the multicore NeuRRAM chip and labeled maps
of (1) to (6) neural-network layers onto the CIM cores. (k) Micrographic image of a single CIM core (left) and cross-sectional transmission
electron microscopy (TEM) image illustrating the layer stack of the monolithically integrated RRAM and CMOS devices (right). (1) Block
diagram of the NeuRRAM CIM core (left). The system incorporates a TNSA, driving circuits for BLs, WLs, and SLs, input-output (I/O)
registers of the MVM, a LFSR, a PRNG, and a controller. The architecture of the TNSA consists of 16 x 16 cores with interleaving RRAM
synaptic weights and CMOS neurons. Each neuron integrates inputs from 256 RRAM cells connected to the same horizontal BL or vertical
SL (middle). Each corelet includes 16 x 16 RRAM arrays with one neuron connected to an individual BL and SL passing through the corelet.

BL and SL function as both the input and output for the connected neuron (right). (j)—(1) Adapted from!!'), with permission from Springer
Nature.
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The mixed-signal neuromorphic engine emulates 64 neur-
ons and 16.4-K synapses, performing on-chip SNN learn-
ing through a timing-based stochastic spike-timing-dependent
plasticity (STDP) model. The chip was manufactured using
a 65-nm CMOS process, it achieves learning energy con-
sumption below 200 nJ per image (148 nJ, 167 nJ, 194 nJ
per image under 1.0 V, 1.1 V, 1.2 V input voltage respect-
ively) and achieves modified National Institute of Standards
and Technology (MNIST) accuracy above 70% (0.74, 0.79,
0.85 for input voltages of 1.0 V, 1.1 V, 1.2 V, respectively)
with a total active area of the chip of 0.39 mm? (Figure 3(c)).

A more recent case for cutting-edge neuromorphic chip
proposed an innovative integrated circuit (IC) design for
SNN computations!!'#!, The system first implemented a
pure analog compute-in-memory (ACIM) system capable
of processing time-to-first-spike (TTFS) signals to realize a
second-order leaky integrate-and-fire (SOLIF) SNN neuron
model. A novel low-leakage 8-T (LL8T) SRAM structure
was introduced to implement ACIM synapses (Figure 3(d)).
The proposed SRAM synapse cell incorporates a conven-
tional 6-T SRAM with a 2-NMOS cascode read port, dif-
fering from the standard 8-T SRAM by connecting to
the source node at the read-port transistor, resulting in
disturbance-free read operations with minimal current leak-
age. The overall system configuration of the SNN neur-
omorphic chip comprised a 64 x 128 LLS§T-SRAM synapse
array and peripheral circuitry with 16 x 4-bit shift registers,
16 DTS converters, and 10 soma circuits (Figure 3(e)).
The fully integrated SOLIF analog neuromorphic chip
manufactured using 90-nm CMOS technology performed
the complete on-chip operation, including spike genera-
tion and inference, occupying an active area of 0.066 mm?
(Figure 3(f)). The system implementing 10 neurons and
160 synapses demonstrated an average inference accuracy of
81.4% and an energy efficiency of 4.74 pJ per inference per
neuron.

2.2.2. Next generation neuromorphic computing system
utilizing memristive artificial synapses integrated with emer-
ging memory devices.  As discussed earlier, full hardware-
implemented neuromorphic systems based on foundry-level
memory devices offer high-density integration within a small
area, on-chip learning, and inference with low-power opera-
tion, due to their high compatibility with advanced nanoscale
CMOS technology. Despite these practical advances, existing
CMOS-compatible neuromorphic systems using conventional
high-speed memory represented by SRAM face limitations.
Specifically, the large unit cell size restricts the integration
density of synapse arrays, and the volatile storage nature
of SRAM does not align with the long-term goals of neur-
omorphic computing.

In recent years, next-generation neuromorphic systems
integrated with emerging unit devices have been estab-
lished and intensively developed!'!”=!?2. In particular, a

memristor, whose conductance changes depending on an
applied electrical field, is considered the component most
similar to the operational mechanism of a biological syn-
apse. Numerous efforts have been made to improve memrist-
ive devices and develop artificial synapses by integrating
them. Emerging storage devices, which are versatile in several
figures of merits including unit cell size, scalability, latency,
endurance, and retention, are being explored to replicate the
operational scheme of the memristor. Among these, resistive
random-access memory (RRAM) is a promising candidate for
memristive devices due to its resistive operation method. Data
reading and writing occur within a switching layer between
two-terminal electrodes, where the electrical resistance of the
active layer changes with the input voltage. Significant pro-
gress has been rapidly made with neuromorphic compute-in-
memristor systems exploiting RRAM-based artificial synapse
arrays!123= 1321,

One of the significant breakthroughs was the development
of the first fully hardware-implemented memristor chip!!''>/.
The unit cell of the artificial synapse used a 1 transistor 1
RRAM (IT1R) memristor. RRAM, which comprises stacked
thin films of TiN/TaOx/HfO4/TiN in the switching layer,
provides reliable resistive operating performance. A single
synaptic processing element (PE) unit for neuromorphic hard-
ware was integrated with a 2 048 cell memristor array. The
overall system architecture of the neuromorphic chip incor-
porates 8 memristor-based PE units and peripheral func-
tional modules, including a DRAM block, an Acorn RISC
Machine (ARM) core, control units, decoding circuitry, and
a voltage generator (Figure 3(g)). This first fully hardware on-
chip memristive neuromorphic system was integrated into a
single PCB subsystem (Figure 3(h)). Utilizing artificial syn-
apses based on multiplexed memristor arrays, the system suc-
cessfully performed training and inference operations with a
CNN model, executing parallel multiply-accumulate (MAC)
computations. The system implemented parallel memristor
convolvers and processed convolutional kernel weights using
the ex-situ/in-situ hybrid training method, yielding improved
accuracy in 2D images compared to conventional weight trans-
fer methods (Figure 3(i)).

A more recent advancement in on-chip memristive neur-
omorphic hardware demonstrated a 48-core CIM chip with a
total of 3 million RRAM cells, each consisting of 256 x 256
RRAM cells and 256 CMOS neuron circuits (Figure 3(j))!''°1.
The memristor unit cell for the artificial synapses adopted
the ITIR configuration. The multiplexed memristor matrix
consisting of RRAM cells and CMOS neurons, referred to
as a bidirectional transposable neurosynaptic array (TNSA),
was designed to perform in-memory matrix-vector multiplic-
ation (MVM). The RRAM-CIM chip, named NeuRRAM, was
integrated using a 130-nm foundry process, resulting in an act-
ive area of 159 mm? (Figure 3(k)). The total system archi-
tecture, containing the TNSA synaptic weight matrix, multi-
plexer, and driving circuits, registers, a linear-feedback shift
register (LFSR) pseudo-random number generator (PRNG),
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and a microcontroller unit, demonstrated the capability to
execute diverse Al applications, flexibly using different neural
network computation models with comparable software accur-
acy (Figure 3(1)).

3. Atrtificial synaptic devices with soft form factors

Recent advances in neuromorphic hardware computing chips
using next-generation memory devices have shown signific-
ant progress. However, these studies have primarily focused on
computations for recognizing and classifying large amounts of
digital data using high-performance chips, which are unsuit-
able for reproducing human sensory functions. Additionally,
when integrating these chips with soft sensor units designed to
mimic human senses, there is a mechanical mismatch because
the rigid form factor of the hardware is incompatible with
the flexibility and stretchability required for the human body.
These limitations highlight the need for soft synaptic devices.
Soft synaptic devices not only address the mechanical mis-
match, allowing for better integration with soft sensing units,
but also provide a solution for creating systems capable of
transferring, storing, and learning sensory signals.

To evaluate the performance of such synaptic devices,
numerous universal parameters can be employed. For artificial
synaptic devices, these parameters include electrical metrics
such as the number of conductance states, nonlinearity, asym-
metry, response time, dynamic range (on/off ratio), memory
window, and energy efficiency. Additionally, stability and reli-
ability metrics, such as retention time, endurance, and cycle-
to-cycle variation, are critical for assessing robustness of fab-
ricated artificial synapses. Specifically, for soft devices, it is
particularly important that these characteristics are maintained
even under mechanical deformation, ensuring consistent per-
formance when integrated with flexible or stretchable sys-
tems. When applied within sensory-neuromorphic systems,
the diversity of their configurations—tailored to emulate dif-
ferent human sensory modalities such as vision, touch, or
hearing—makes direct quantitative comparisons challenging.
However, the performance of such systems can be evaluated
by achieving classification accuracy on given datasets (e.g.,
MNIST handwritten images, ECG arrhythmia datasets, etc.)
trained using neural network software based on the synaptic
parameters of synaptic hardware, offering a practical approach
to assess their integrated performance. These metrics provide
a foundation for meaningful comparisons and advancements
in the area. The following section introduces various types of
soft synaptic device structures and their operating mechan-
isms, highlighting their potential to overcome existing chal-
lenges and advance the field.

3.1 Soft artificial synaptic devices based on three-terminal
transistors

Three-terminal (3T) transistor-based soft synaptic devices typ-
ically consist of a channel layer made from semiconducting
materials, a gate dielectric layer, and source, drain, and gate
electrodes. The gate electrodes and channel layer function as
presynaptic and postsynaptic membranes, respectively. Signal

transmission occurs through the channel layer, whereas the
synaptic weights are independently modulated via the gate
terminals. This separation of signal transmission and weight
modulation makes 3T-based devices particularly well-suited
for integration into larger systems, as it allows for more precise
control and scalability. Detailed descriptions of structures and
working mechanisms are provided in the following sections.

3.1.1. Floating gate transistor. A floating gate transistor
(FGT) is a key structure used in NAND Flash memory,
a well-established silicon technology for non-volatile data
storage!!33— 1391 The structure of FGT-based synaptic devices
is similar to that of conventional field-effect transistors but
includes two gates. One is a control gate, which functions
as a gate in standard transistors, and the other is a floating
gate. The floating gate, insulated by both a tunnelling oxide
layer and a gate dielectric layer, is located between the con-
trol gate and semiconductor channel (Figure 4(a)). When a
voltage is applied to the control gate, electronic charges flow-
ing between the source and drain are injected into the floating
gate through the tunnelling oxide layer and accumulated on the
floating gate. Once charges are injected, a higher gate voltage
is required to maintain the same current level, leading to an
increase in the threshold voltage (V). Conversely, when the
charges are released, Vy;, returns to its initial value. This shift
in Vy;, imparts memory capabilities, making FGT suitable for
use in synaptic devices.

3.1.2. Ferroelectric field-effect transistor. Ferroelectric
field-effect transistors (FeFET) employ ferroelectric
materials! "0~ 1] a5 gate dielectrics, allowing modulation
of channel conduction by the electrical field through adjust-
ment of the polarization state of the ferroelectric dielec-
trics (Figure 4(b)). When a gate voltage (electric field) is
applied, the dipoles in the ferroelectric insulator gradually
align, thereby accumulating carriers of opposite polarity to
the dipoles at the interface between the semiconductor and
ferroelectric insulator layer, which can modulate the conduct-
ivity of the channel. On the other hand, when an electric field is
applied in the opposite direction, the dipoles in the ferroelec-
tric insulator realign, redistributing the accumulated carriers
at the semiconductor/ferroelectric interface. This reversal of
polarization leads to the modulation of the channel conduct-
ivity in the opposite manner, either increasing or decreasing
the channel current depending on the initial polarization state.
This switching behavior enables FeFETs to function as non-
volatile memory and makes them suitable for neuromorphic
applications.

3.1.3. Electrolyte-gated transistor: electrical double layer
transistor & electrochemical transistor. The configura-
tion of an electrolyte-gated transistor is similar to a con-
ventional field-effect transistor, with the key difference that
the gate dielectric insulator is substituted with an electrolyte
(either liquid or solid), resulting in larger gate capacitance
and lower driving voltage!!46—1551 When a gate voltage is
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Figure 4. Schematic of various soft artificial synaptic devices and their representative electrical properties, including 3T devices: (a) floating
gate transistor, (b) ferroelectric field-effect transistor, (c) electrical double-layer transistor, and (d) electrochemical transistor, and 2T devices:
(e) electrochemical metallization memory and (f) valence change memory.

applied, the ions inside the electrolyte migrate to the chan-
nel layer, forming an electrical double layer (EDL) at the
electrolyte/semiconductor interface. This structure is known
as an electrical double-layer transistor (EDLT), as shown
in Figure 4(c). Alternatively, ions may penetrate the bulk
of the semiconductor, forming an electrochemical transistor
(ECT), as shown in Figure 4(d). This modulates the channel
conductance through electrostatic or electrochemical doping
mechanisms. Once the gate voltage is removed, the current
in the EDLT decays rapidly due to the quick spontaneous
relaxation of the ions that have migrated only within the elec-
trolyte. In contrast, the ECT current decays more slowly due
to the long-lasting doping effect created by the redox reaction
in the semiconductor. This results in a long-lasting doping
effect and a relatively gradual decrease in the current. Owing
to the aforementioned operation mechanism, electrolyte-gated
transistor-based soft synaptic devices, such as EDLT and ECT,
operate at lower voltage levels owing to their high coupling
efficiency between the gate and channel, making them a prom-
ising option for neuromorphic applications.

3.14. Emerging material-engineered transistor. In addi-
tion to the transistor-based synaptic devices discussed above,
recent research has actively explored various innovative mater-
ial designs for synaptic devices. Notably, chargeable semi-
conductors, ambipolar semiconductors, and polymer electrets
have emerged as promising candidates for next-generation
synaptic devices. Chargeable semiconductors are materials
designed to efficiently store and transport charge, simplify-
ing the structure of transistor-based synaptic devices and mak-
ing them crucial for applications in non-volatile memory and
neuromorphic computing!!3%-!157!, Their structures incorpor-
ate defects or molecular arrangements that serve as charge-
trapping sites, where electrons or holes are captured in loc-
alized states, enabling precise conductance control and emu-
lation of synaptic behaviors such as long-term potentiation
and depression. Ambipolar semiconductors, capable of trans-
porting both electrons and holes, enable bidirectional signal
modulation (both n-type and p-type behaviors) within a single
device. This dual functionality simplifies circuit design and
facilitates multifunctionality with reconfigurable capabilities.
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For synaptic applications, ambipolar semiconductors employ
mechanisms similar to chargeable semiconductors, where
trapped electrons or holes allow the implementation of bidirec-
tional synaptic behavior. This enables excitatory and inhibit-
ory signals to be processed within the same device, emulating
complex synaptic plasticity in neuromorphic systems! 28— 1601,
Polymer electrets, as dielectric materials, can temporarily
capture electrons or holes to establish a quasi-permanent
electric field. This occurs through a combination of phys-
ical charge trapping at defect sites, polarization of dipolar
molecules within the electrets, and charge accumulation at
the interfaces between metal and the electret. Therefore, even
after the gate electrode voltage is removed, these materials
retain changes in conductance, enabling bidirectional shifts
in the threshold voltage. Their ability to maintain polariza-
tion over extended periods ensures reliable long-term syn-
aptic weight states, even in dynamic environments, making
them highly attractive for applications in artificial synaptic
transistors!101-1621,

3.2. Soft artificial synaptic devices based on two terminal
memristors

Two-terminal (2T) memristor-based soft synaptic devices typ-
ically feature a metal-insulator-metal (MIM) structure, where
an insulator between two electrodes implements a synaptic
response by modulating the conductance between the elec-
trodes. One electrode acts as the presynaptic terminal, receiv-
ing voltage pulses, whereas the other electrode acts as the post-
synaptic terminal, delivering current. The simple structure and
operating principle of 2T-based devices allow for easy fabric-
ation of crossbar arrays, making them ideal for high-density
electronic applications. Detailed descriptions of these devices
categorized by their operating mechanisms are provided in the
following sections.

3.2.1. Electrochemical metallization memory. Electrochemical
metallization memory (ECM) operates by forming and dis-
solving conductive filaments (CFs) within an insulating mat-
rix. This resistive switching process is initiated when an
external electric field is applied to the device. When a pos-
itive bias is applied to the top electrode, typically made from
an active metal like Ag or Cu, etc.['> =168 ‘metal atoms oxid-
ize into cations (e.g., Agt or Cu?>*t) and migrate across the
insulator towards the opposite bottom electrode. Upon reach-
ing the bottom electrode, these metal cations are reduced and
deposited as neutral metal atoms, forming conductive fila-
ments between the electrodes that enable the transition of the
device into a low-resistance state (LRS), known as the set
process (Figure 4(e)). When a negative bias is applied, the
metallic atoms forming the CFs reoxidize and diffuse away,
dissolving the filament and returning the device to a high-
resistance state (HRS), which is known as the reset process.
This fast, reversible switching between LRS and HRS makes

ECM-based artificial synapses strong candidates for neur-
omorphic computing applications.

3.2.2. Valence change memory. Valence change memory
(VCM) usually employs inert metal electrodes such as Au or
Pt to prevent ion migration from the electrodes. The migra-
tion of oxygen ions (O>~) within the metal oxide insulating
layer (e.g., TiO, or HfO,) leads to the formation or elimin-
ation of oxygen vacancies, which create CFs and modulate
the resistance of the oxide layer!'® 1731 During the set pro-
cess, as shown in Figure 4(f), a positive bias drives the oxy-
gen ions away from the anode (bottom electrode) toward the
cathode (top electrode). This migration causes oxygen vacan-
cies to accumulate near the anode, forming a localized con-
ductive filament, and transitioning the device into an LRS.
Alternatively, during the reset process, applying a reverse bias
causes oxygen ions to migrate back to the anode, filling the
vacancies and breaking the conductive path, thereby restor-
ing the device to an HRS. VCM-based artificial synapses offer
significant advantages for neuromorphic systems due to their
multilevel resistance, scalability, and ability to emulate syn-
aptic behaviors.

4. Biological & artificial sensory-neuromorphic sys-
tems

4.1. Visual sensory-neuromorphic systems with artificial syn-
aptic devices

Approximately 80% of external environmental information
is processed through vision, making it essential to rep-
licate biological visual systems in developing human-like
robotic systems!!’#173]In biological visual perception, as
illustrated in Figure 5(a), rod and cone photoreceptor cells
in the eye detect various wavelengths and light intensities,
transmitting the signals to the brain through bipolar and
ganglion cells passing through multiple synapses. To emu-
late this process, artificial visual perception systems have
been developed using synaptic devices that enable high-
performance, low-power recognition, memorization, learning,
and actuation!!7¢~ 1801 Programmable synaptic devices, which
use both electronic and optical signals as inputs have been
extensively studied''®! 18] In addition, optoelectronic syn-
aptic circuits that combine photosensitive elements with elec-
tronic synaptic devices have been proposed!'®3—1871 These
synaptic devices, including two-terminal (e.g., memristors)
and three-terminal devices (e.g., Organic electrochemical tran-
sistors (OECTs), FeFETs, and photosensitive thin-film tran-
sistors), have been fabricated with flexible, stretchable soft
form factors, allowing for closer mechanical and functional
replication of biological visual sensory organs!'8 =193 The
following section introduces the research efforts focused on
mimicking the various functions of the human eye using arti-
ficial synaptic devices.
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Visual sensory-neuromorphic system with artificial synapse
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Figure 5. Soft visual sensory-neuromorphic system with artificial synaptic devices. (a) Schematic of biological visual sensory perception
pathways where external visual stimuli are transmitted from optical receptor cells to the visual cortex via synapses. (b)—(e) Ultra-flexible
LOND for an artificial visual perception system. (b) Illustration of the cross-sectional structure of LOND. (c¢) Output characteristics correspond
to the voltage divider circuit under light at wavelengths of 850 and 550 nm. (d) Photograph of a LOND array conformally attached to a
hemisphere. Scale bar: 7.5 mm. (e) Signals in the LOND array recorded after incident green light exposure (10.80 mW-cm ™2, 64 Hz for 4 s,
left), remaining signals in the LOND array after 600 s (middle) and 1 800 s (right) retention. (b)—(e)''** John Wiley & Sons. © 2018 WILEY-
VCH Verlag GmbH & Co. KGaA, Weinheim. (f)—(i) Intrinsically stretchable neuromorphic transistors with stable vision-adaptive properties
under biaxial stretching. (f) Schematic of the structure of elastic heterojunction-based ISNVaT. (g) Operating mechanism of vision-adaptation
properties with variations in gate voltage (left) and light intensity applied to ISNVaTs. (h) Circuit schematic of an ISNVaT pixel serving as an
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memristor devices operating under UV light for visual memory systems. (j) Schematic illustration of the bioinspired visual memory circuit
integrated with an image sensor and resistive switching memory device. (k) I-V characteristics of the bioinspired visual memory circuit
under UV light illumination. (1) Photograph of the integrated device arrays on flexible polyimide substrates. Scale bar: 1 cm. (m) Visual
image storage and reusability of flexible visual memory device arrays for light signals of various shapes. (j)—(m)!'*°! John Wiley & Sons. ©
2018 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim. (n)—(r) Stretchable neuromorphic vision system with focal adjustment properties
using carbon nanotube optoelectronic synaptic transistor arrays. (n) Schematics of SSOSTFTs. (o) LTP/LTD curves with successive UV light
and voltage pulses under 0-80% stretching strain. (p) Simulated crystalline lens bending from stretching force. (q) Photographs showing the
relationship between focal length and pupil area corresponding to lens stretching. (r) Enhanced ozone prediction increased with the number
of training epochs in the neural network using the simulated weight update rule of SSOSTFTSs under various strain conditions. (n)—(r)l!*!!
John Wiley & Sons. © 2023 Wiley-VCH GmbH. [Illustrations in (a) Created in BioRender. Son, D. (2025) https://BioRender.com/101d460.].
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4.1.1. Scotopic & photopic adaptation. In biological
visual system, the ability to adapt to varying light intensity
levels in the environment—scotopic or photopic adaptation—
enables object recognition under both dim and bright condi-
tions. Research into artificial photonic synapses has demon-
strated similar time-varying adaptation through mechanisms
of charge trapping induced by light signals and subsequent
detrapping over timel!88:18%:1941 = Ag previously discussed,
integrating photosensitive elements and photo-insensitive
electrical synaptic devices has garnered significant attention
for efficient conductance modulation and enhanced visual
information processing speed. Representatively, an ultra-
flexible light-triggered organic neuromorphic device (LOND)
was presented using a ferroelectric/electrochemically modu-
lated organic synapse with a photovoltaic divider composed
of a photosensor and a load resistor''%°! (Figure 5(b)). Under
varying light conditions, the conductance of the photosensor
changed, modulating the output voltage of the photovol-
taic divider circuit, which was then transmitted to the gate
terminal of the electrical organic synapse for programming
(Figure 5(c)). To emulate retinal function, the LOND array
was conformally adhered to a hemispheric surface, exhibit-
ing soft mechanical characteristics (Figure 5(d)). The device
demonstrated the ability to receive light signals and retain
memory, mimicking scotopic adaptive functions after expos-
ure to strong green light (Figure 5(e)).

However, challenges such as spatial inefficiency, data pro-
cessing latency, and limited stretchability remain in sensor-
synapse circuitry integration. To address these issues, an
intrinsically stretchable neuromorphic vision-adaptive tran-
sistor (ISNVaT) was recently introduced!'®¥!. This single-
transistor device exhibited superior photoadaptation and neur-
omorphic performance, surpassing the biological visual sys-
tem in speed and power efficiency, utilizing a heterojunc-
tion between the photosensitive and semiconducting lay-
ers (Figure 5(f)). The photosensitive layer, featuring quasi-
continuous microsphere morphologies, was fabricated by
adjusting the ratio of the perovskite QDs to the SEBS elast-
omer, forming thin films on a polydimethylsiloxane (PDMS)
substrate, with surface energy tuned through O, plasma treat-
ment. The photoadaptive mechanisms were investigated using
various electrical and optical stimuli, as shown in Figure 5(g).
A positive (negative) gate voltage enhanced (reduced) the
recombination of holes and excitons, which were immedi-
ately generated by light illumination for erasing properties
(Figure 5(g), left). The intrinsic trap states due to the het-
erojunction structure limited charge transport, leading to cur-
rent saturation and demonstrating successful photoadaptation
(Figure 5(g), right). Scotopic and photopic behaviors were
demonstrated by conformally attaching the ISNVaT pixel
device to an ocular prosthesis as an LED driver, demonstrat-
ing the biaxial stretchability and in-sensor computing cap-
abilities of the device for next-generation visual prosthetics
(Figures 5(h) and (i)).

4.1.2. Image recognition. Photonic synapses with optical
neuromorphic modulation and computational properties

effectively mimic cognitive tasks and biological visual
systems with high accuracy and low power consump-
tion. Leveraging the high performance of visual syn-
aptic devices, these devices have recently advanced their
applications in image recognition, including tasks such as
color differentiation!'87-193:1%1 and complex image pattern
recognition! !77:179-182,186.190.192] " The demonstrations typic-
ally involve either applying synaptic parameters extracted
during the process of analog weight (conductance) changes
to artificial neural networks or activating the device to meet
decision-making conditions. A notable development is an arti-
ficial flexible visual memory device composed of In,O3-based
UV-sensitive image sensors and Al,O3-based memristors! %!,
The interdigitated electrode structures and regulation of the
number of semiconductors micrometer-sized wires facil-
itated resistance-state matching by adjusting photocurrent
levels (Figure 5(j)). As the resistance within the image sensor
decreased, the increase in voltage across the memristor unit
triggered a resistance-state transition from the OFF state to
the ON state, thereby encoding light information into the
memory device. In the absence of light, the stored information
remains in the memory device until a reset voltage is applied
(Figure 5(k)). The visual memory device array with scalable
fabrication on a flexible PI substrate displayed visual memory
characteristics corresponding to various UV light images over
the long term (Figures 5(1) and (m)).

4.1.3. Focus adjustment. In biological visual systems,
focus adjustment is achieved through dynamic changes in the
curvature of the eye lens, allowing clear vision at varying
distances!'?1-197-1981 Similarly, in artificial systems, synaptic
properties modulated by optical and electrical stimuli enable
precise vision adaptation to corresponding curvature angles.
These innovations have significant potential for enhancing
the precision and functionality of vision systems in human-
like robotics. Recently, stretchable optoelectronic synaptic
thin-film transistors (TFTs) incorporating semiconducting
single-walled carbon nanotubes (sc-SWCNTs) and CdSe/ZnS
quantum dots (QDs) as active layers have been reported!'*'!.
The stretchability of the device was enhanced by using an ionic
liquid (IL)-PDMS composite substrate and an ion gel dielec-
tric with [EMIM] ™ [TFSI]~ (1-ethyl-3-methylimidazolium bis
(trifluoromethanesulfonyl) imide) (Figure 5(n)). This mechan-
ical softness allows modulation of focal distances under vari-
ous strain conditions, similar to the crystalline lens of the
human eye, as demonstrated through long-term potentiation
and depression (LTP/LTD) curves under dynamic conditions
(Figures 5(o) and (p)). Focus adaptation, closely related to
pupil area, which regulates the amount of light entering the
eye, was mapped with diverse bending and stretching condi-
tions of artificial visual devices, demonstrating high accuracy
in sensing and learning abilities (Figures 5(q) and (r)). These
advancements in neuromorphic visual applications, mimick-
ing biological eye functions in soft-form factors using innov-
ative materials, device structures, and circuits, have paved the
way for user-customized and reliable next-generation visual
prosthetics.
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4.2. Tactile sensory-neuromorphic systems with artificial syn-
aptic devices

Tactile perception enables interactions with the environ-
ment by providing information about the size, texture, and
shape of objects, allowing safe grasping, manipulation, and
movement! 921 As shown in Figure 6(a), human tactile
perception relies on various mechanoreceptors located in the
epidermis, dermis, and subcutaneous tissues, such as Merkel
cells, Meissner’s corpuscles, Pacinian corpuscles, and Ruffini
endings, which detect sensations such as touch, pressure,
vibration, and texture. These external mechanical stimuli are
converted into electrical signals that are transmitted through
synapses to the somatosensory cortex, where information is
processed and interpreted. In recent years, significant efforts
have been made to develop systems that emulate human tactile
perception for applications in robotics, prosthetics, human-
machine interfaces, and other fields. Various tactile sensors
employing  capacitivel 732012021 piezoelectric!?03 2051,
piezoresistive!?°° 291 triboelectric!?!°~2121 and ferroelec-
tric mechanisms!?!'3:24] have been actively researched. The
following section introduces tactile sensory-neuromorphic
systems that integrate various tactile sensors with artificial
synaptic devices to construct artificial neural systems capable
of performing advanced functions, such as mechanoreception
emulation, afferent nerve signal transmission, and cognitive
processing.

4.2.1. Mechanoreception emulation. Human mechanor-
eceptors are classified into two categories based on their
response speed to mechanical stimuli and their adaptation
to continuous stimulation: slow-adaptive (SA) mechanore-
ceptors (SA type I: Merkel cells and SA type II: Ruffini
endings) and fast-adaptive (FA) mechanoreceptors (FA
type I: Meissner’s corpuscles and FA type II: Pacinian
corpuscles)!?!8:2191 ' SA mechanoreceptors provide feedback
for steady mechanical stimuli, such as sustained touch, pres-
sure, or stretch, due to their slow or minimal adaptation to
continuous input. In contrast, FA mechanoreceptors respond
quickly to changes in mechanical stimuli, such as sudden
touch, pressure, or vibration, enabling the nervous system to
concentrate on detecting new stimuli. Developing artificial
mechanoreceptors that emulate both SA and FA mechanor-
eceptors is crucial for replicating human tactile perception.
As shown in Figure 6(b), a bioinspired flexible artificial sys-
tem combining SA and FA mechanoreceptors with synaptic
functionality has been proposed!?!*!. FA mechanoreceptors,
based on a pressure sensor using the piezoelectric mater-
ial poly(vinylidene fluoride-co-trifluoroethylene) (P(VDF-
TrFE)), respond only to initial contact and the release of
compression. SA mechanoreceptors, using the same device
structure as the FA mechanoreceptors but incorporating a
piezoelectric ionogel of P(VDF-TrFE) and the ionic liquid
[EMIM]+[TFSI] ™, produce a sustained voltage output under
static pressure. Additionally, to mimic the synaptic plasti-
city of biological synapses, an EDLT-based synaptic device
was fabricated on a flexible PI substrate using an ionogel of
[EMIM]+[TFSI] ™, polyurethane (PU) as the gate electrolyte

dielectric, reduced graphene oxide (rGO) as the channel, and
Au as the source-drain and gate electrodes. To demonstrate
synaptic functionality, artificial SA and FA mechanorecept-
ors were integrated with an EDLT-based synaptic device, and
compressive pressure with varying frequencies, amplitudes,
durations, and numbers of touches were applied. As shown
in Figures 6(c) and (d), the SA mechanoreceptor can sense
and memorize tactile information through its synaptic proper-
ties. In contrast, the FA mechanoreceptor can only sense tactile
information. The memory function of the FA mechanoreceptor
was achieved by connecting a single rectifying diode between
the FA mechanoreceptor and an EDLT-based synaptic device
to convert the generated output voltage into a unidirectional
potential.

4.2.2. Afferent nerve signal transmission.  In biological tact-
ile sensory systems, tactile information—also known as spik-
ing neural activity or action potentials—is transmitted to the
somatosensory cortex via spike-based communication. These
spike signals allow for the quick and efficient transmission
of information over long distances in the nervous system,
being triggered only when sufficient input is received, making
the system energy-efficient. Numerous studies have attempted
to mimic efficient biological tactile sensory systems!?*’!, For
instance, a ring oscillator-based bioinspired flexible artificial
afferent nerve has been developed and connected to a pyramid-
structured resistive pressure sensor functioning as an artificial
mechanoreceptor and an ion-gel-gated synaptic transistor, as
shown in Figure 6(e)?'%). Similar to biological SA-I afferent
nerves, the organic ring oscillator generates action potentials
with variable frequencies (0—100 Hz) based on data collec-
ted from clusters of resistive pressure sensors. These action
potentials are integrated and converted into postsynaptic cur-
rents using an ion-gel-gated synaptic transistor. As pressure
intensity increases, both the frequency and amplitude of the
action potentials increase. While pressure duration does not
change the frequency or amplitude of the action potentials, it
can extend the duration of the signal applied to the ion-gel-
gated synaptic transistor, leading to increased anion accumula-
tion at the semiconductor-electrolyte interface and an increase
in the postsynaptic current. As shown in Figure 6(f), this artifi-
cial afferent nerve can detect the direction and speed of moving
objects and recognize Braille characters by integrating spa-
tial and temporal tactile information from multiple sensors.
When the object moves in the direction indicated by the red
arrow, the postsynaptic current output from the ion-gel-gated
synaptic transistor produces two spike clusters as the object
passes over two pressure sensors over time (Figure 6(g)). By
contrast, when the object moves in the direction of the blue
arrow, it simultaneously passes over both sensors, forming a
single large spike cluster (Figure 6(h)).

4.2.3. Pattern recognition.  In the previous section, the pro-
cess by which mechanoreceptors convert external mechanical
stimuli into electrical signals in tactile sensory-neuromorphic
systems was discussed, along with the role of afferent nerves
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Figure 6. Soft tactile sensory-neuromorphic system with artificial synaptic devices. (a) Schematic of biological tactile sensory-perception
pathways transmitting external stimuli from the mechanoreceptor to the somatosensory cortex via synapses. (b)—(d) Bioinspired flexible artifi-
cial system combining SA and FA mechanoreceptors with EDLT synapses. (b) Schematic of the bio-inspired artificial FA and SA mechanor-
eceptors and output characterization of SA and FA pressure sensors. (c) PSC of the SA mechanoreceptor regulating duration, amplitude,
frequency, and number of pulses. (d) PSC of the FA mechanoreceptor by regulating pulse amplitude. (b)—(d)'>'>! John Wiley & Sons. © 2023
Wiley-VCH GmbH. (e)—(h) Stretched artificial afferent nerves for efficient signal transmission. (¢) Schematic of a biological afferent nerve,
including mechanoreceptors, nerve fibers, biological synapses, and artificial afferent nerves composed of pressure sensors, an organic ring
oscillator, and a synaptic transistor. (f) Artificial afferent nerve with two pressure sensors detecting moving objects (red and blue arrows).
PSC when the object moves in the (g) and (h) directions of the red and blue arrows, respectively. (e)—(h) From!?!%], Reprinted with permission
from AAAS. (i)-(1) Stretchable skin-conformable neuromorphic tactile system consisting of TENG sensors and ECT synapses. (i) Schematic
of the integrated system with TENG tactile sensors and ECT synapses. (j) Schematic of handwritten letter processing (k) Demonstration of the
writing paths for letters “A,” “F,” and “H.” (1) Five PSC signals obtained from handwritten “A,” “F,” and “H” in the TENG tactile array. (i)—(1)
Reproduced from>'”’. CC BY 4.0. (m)—(p) Bioinspired SSNS for tactile pattern classification. (m) Schematic illustration of a bioinspired
SSNS integrating a capacitive pressure sensor, 2 T VCM-based RRAM synapse, and QLED-based epidermal photonic actuator. (n) Input
image patterns (“S,” “N,” “U,” and “K”) obtained by the artificial mechanoreceptors. (0) The ANN consisted of 25 input neurons correspond-
ing to each artificial mechanoreceptor, four output neurons corresponding to each pattern, and 25 X 4 synapses connected to the neurons. (p)
Photographs of the epidermal photonic actuator array visualizing the trained/inferred patterns of “S,” “N,” “U,” and “K.” (m)—(p).['”*! John
Wiley & Sons. © 2021 Wiley-VCH GmbH. [Illustrations in (a) Created in BioRender. Son, D. (2025) https://BioRender.com/h48b975.].
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in transmitting these signals. Additionally, there has been act-
ive research on how the brain processes and interprets elec-
trical signals transmitted via afferent nerves. One notable
development involves a stretchable skin-conformable neur-
omorphic tactile system that integrates triboelectric nanogen-
erators (TENG) as tactile sensors and hydrogel-gated OECT
synapses (Figure 6(i))>'7!. The TENG device was fabricated
using a stretchable PDMS substrate, with PDMS films at cur-
ing ratios of 10:1 and 20:1 serving as friction layers, and
liquid metal eutectic gallium—indium (EGaln) as the electrode.
TENGs function as artificial mechanoreceptors that detect
pressure and convert mechanical stimuli into electrical sig-
nals. The TENG device exhibits high sensitivity (~0.04 kPa)
and a broad pressure detection range (0.24-23.56 kPa, cov-
ering the human pressure perception range), with excellent
stretchability (up to 100% strain). The OECT synapse, which
uses Poly(3,4-ethylenedioxythiophene) polystyrene sulfonate
(PEDQOT:PSS) as the active channel, and soft PAAMPSA is
introduced to enhance its stretchability. Additionally, NaCl
hydrogel electrolytes were designed to achieve a balance of
high-water content, low volatility, and high conductivity, with
EGaln electrodes used, similar to the TENG. The OECT syn-
apses process signals by mimicking the memory and comput-
ing capabilities of biological synapses.

With both short- and long-term synaptic plasticity essen-
tial for learning and adaptive responses, the system encodes
and recognizes tactile information, such as detecting move-
ment direction and recognizing patterns such as Morse codes
and handwritten letters. As shown in Figures 6(j), a 5 x 5
array of TENG sensors serves as the tactile input, and five syn-
apse transistors function as hidden neurons to process inform-
ation. Instead of extracting 25-dimensional information from
the TENG array, the system extracts five postsynaptic current
signals from the OECTs. When a touch is detected in any row
of tactile sensors, postsynaptic current signals are generated
in the corresponding transistor. For instance, when the letters
“A,)” “F,” and “H” are written in specific paths (Figure 6(k)),
the system produces corresponding five postsynaptic current
signals (Figure 6(1)). These letter directories of the codes are
formed using peak-timing convolution encoding, facilitating
the recognition and learning of handwritten inputs.

In another example, as shown in Figures 6(m), a bioin-
spired stretchable sensory-neuromorphic system (SSNS) was
developed by integrating a capacitive pressure sensor, a 2 T
VCM-based RRAM artificial synaptic device, and an epi-
dermal photonic actuator made of a quantum dot light-
emitting diode (QLED)!'73]. This system incorporated a rigid
island structure interconnected by a sinter-free printable con-
ducting nanocomposite composed of Ag flakes and a self-
healing polymer (PDMS-MPUj 4-1Ug ¢)!?*!:2?21. The capacit-
ive pressure sensor responded to strain-induced deforma-
tion when stretched (~0.002 51 mm~! at 60% strain) or
pressed (~=0.594 kPa—! at 0.9 kPa), due to its linear response
to changes in capacitance with applied strain. To emulate
synaptic functionality in skin-like systems, RRAM with an

Al/TiO,/Al layered structure was used as a neuromorphic
device with cognitive processing abilities. The RRAM cells
were fabricated on a wafer and transfer-printed onto a stretch-
able substrate, with each island bridged by intrinsically
stretchable printed interconnects. The SSNS processes pat-
terned stimuli through artificial mechanoreceptors based on
capacitive pressure sensors (Figure 6(n)) and transmits voltage
signals to an artificial neural network (ANN) (Figure 6(0)).
After training the neural network with the patterned stimuli,
the inferred signals were transmitted to the epidermal photonic
actuator, which emitted light patterns matching the stimuli
(Figure 6(p)). This integration of sensory detection, neural
processing, and visual feedback highlights the potential of
such systems for advanced applications such as wearable elec-
tronics and intelligent prosthetics.

4.3. Olfactory sensory-neuromorphic systems with artificial
synaptic devices

The olfactory system plays a critical role in perceiving and
distinguishing different odors, which are essential for activ-
ities such as appetite stimulation and food seeking, vital for
survival. Additionally, it enables the recognition and avoid-
ance of hazardous substances or environments while trig-
gering appropriate emotional responses and behaviors based
on perceived odors. Olfactory perception is initiated by the
generation of electrical potentials resulting from the binding
of scent molecules to olfactory receptors distributed along
the nasal epithelium. These spikes pass through the amy-
gdala and hippocampus and are finally transmitted to the
olfactory cortex for processing, leading to odor awareness
(Figure 7(a)). Inspired by biological olfactory systems, extens-
ive efforts have been made to develop highly functional chem-
ical sensor devices capable of detecting scent molecules and
reacting rapidly to target materials. However, traditional gas
sensors, despite their high sensitivity and selectivity lack the
ability to store memories of gas stimuli—an essential fea-
ture for chemical information processing!?> =231, Therefore,
the development of artificial olfactory synaptic devices cap-
able of both chemical processing and sensing is critical for
implementing neuromorphic systems that mimic this sensory
scheme!?** =231 Artificial olfactory synapses have been typic-
ally designed as three-terminal devices employing a chemical-
responsive channel material to facilitate chemical and elec-
trical interactions, particularly in flexible devices?*’!. The fol-
lowing section highlights examples of soft artificial olfactory
synapses that emulate the functionality of the human nose
using electrochemical devices.

The critical device configuration strategy for OECT-based
artificial olfactory synapses is based on the utilization of chem-
ically sensitive electrolytes that interact with the electrochem-
ical channel via ion transportation triggered by an external
chemical stimulus. In the first example, a soft artificial olfact-
ory synapse developed using an OECT device was fabricated
on a thin PI substrate with deposited gold (Au) electrodes. A
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Figure 7. Soft olfactory neuromorphic system with artificial synaptic devices. (a) Schematic of the olfactory sensory system. The chemical
stimuli applied by odorants are converted to electrical potential at the olfactory receptor neuron and transmitted to the olfactory cortex via
synapses. (b)—(i) Bio-inspired flexible artificial system with soft olfactory receptors and synapses integrated with OECT. (b) Illustration of
a flexible OECT-based synaptic device whose active domain consists of a PEDOT: PSS channel and a chemically responsive ionogel gate
electrolyte (left). A cross-sectional view of the device illustrates the operating mechanism of the chemical receptor and synapse mimicking
olfactory perception (right). (c) Changes in post-synaptic current (APSC) of the flexible artificial olfactory synapse controlled by the con-
centration of NO, and gate modulation. (d) Time-dependent profile of APSC with different numbers of NO, pulses at a concentration of

200 pL-L~'.

(e) Normalized synaptic weight as a function of the time interval between excitatory and inhibitory stimuli (black: inhibitory to

excitatory stimuli; red: excitatory to inhibitory stimuli). (b)—(e) Reproduced from>*!1. CC BY 4.0.(f) Illustration of a flexible OECT-based
synaptic device with a PEDOT: PSS channel and a porous SPE film fabricated by the breath-figure method (left), and a cross-sectional view
showing the operating mechanism for the transition from STM to LTM, imitating gasotransmitter-mediated plasticity for gas sensation and
hazard recognition (right). (g) Differences in the output current of the OECT artificial synapse distinguishing the concentration of H,S gas

at 5 uL-L~!.

(h) Normalized synaptic weight driven by H,S stimuli at different concentrations, showing the STM-to-LTM transition. (i)

Output current response modulated by different input pulses, with the corresponding normalized synaptic weight change as a function of
time exhibiting the gasotransmitter-mediated plasticity of the synaptic device. (H)-1)1***! John Wiley & Sons. © 2023 Wiley-VCH GmbH.
[Mlustrations in (a) Created in BioRender. Son, D. (2025) https://BioRender.com/f95i862.].

spin-coated PEDOT:PSS film served as a channel layer, and
a chemically responsive ionogel gate electrolyte completed a
flexible synaptic device (Figure 7(b))!?*!1. The device mim-
ics the physical structure of a biological olfactory synapse:
the gate electrode, ionogel, channel, and source/drain elec-
trodes correspond to the presynaptic membrane in an inhib-
itory interneuron of a periglomerular cell (PGC), the pre-
synaptic membrane in an olfactory receptor neuron (ORN),
the chemical synapse, and the postsynaptic membrane in a
projection neuron (PN). In this system, cations and anions
act as the inhibitory neurotransmitter gamma-aminobutyric
acid (GABA) and the excitatory neurotransmitter glutam-
ate, respectively, in the synaptic device. The device gener-
ates excitatory or inhibitory postsynaptic signals in biological
olfactory synapses, and the corresponding complex details

activated by neurotransmitters are transmitted to postsyn-
aptic receptors, which modulate the functions of learning and
forgetting. By emulating the mechanism of the olfactory per-
ception system, the artificial chemoreceptive device demon-
strates capabilities such as sensing, learning, forgetting, and
modulating signals as electrochemical olfactory synapses. The
postsynaptic output current was reliably controlled by expos-
ure to NO; gas, which enhanced excitatory action potentials
in proportion to the concentration of the target molecule,
and by gate voltage, which elicited inhibitory action poten-
tials (Figure 7(c)). In addition to distinguishing the concen-
tration of the target molecule, the post-synaptic output cur-
rent of the artificial olfactory synapse reliably increased as a
function of the exposure frequency to NO, gas (Figure 7(d)).
The device also demonstrated increased postsynaptic output
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current with repeated NO, exposure, reinforcing synaptic plas-
ticity through increased synaptic weight (Figure 7(e)).

In another example, a soft organic electrochemical syn-
aptic device was fabricated using deposited Au electrodes,
spin-coated PEDOT:PSS channels, and a porous solid poly-
mer electrolyte (SPE) film produced using the breath figure
method (Figure 7(f))!?*?!. The breath figure method utilizes
condensed water droplets in a humid environment as sacrificial
templates to produce a microporous structure that enhances
the effective area of gas interaction, thereby improving device
sensitivity. The device was fabricated on a polyethylene tere-
phthalate (PET) substrate to implement a flexible artificial
olfactory synapse. In biological synapses, the transition from
short- to long-term potentiation is driven by neurotransmit-
ter molecules released by exocytosis from presynaptic cells
and bound to postsynaptic receptors. This chemical synaptic
device is inspired by a gasotransmitter-mediated plasticity
mechanism. The operational mechanism for the transition
from short- to long-term potentiation in the device employs
excessive H,S molecules, which are known to be toxic mater-
ials causing adverse health effects, trapped in the SPE layer,
where cations from the electrolyte are irreversibly transpor-
ted into the PEDOT:PSS channel. The large effective area for
chemical interaction of the device enables the detection of tar-
get molecules with sensitivity down to parts per billion (ppb)
and selectivity over other gases. The sensing performance of
the device was experimentally verified by distinguishing con-
centration differences of H,S gas at 5 ppm (parts per million)
(Figure 7(g)). The main purpose of this biomimetic facial syn-
apse is to augment the function of the natural human olfact-
ory perception system, which does not respond well to long-
term or excessive exposure due to fatigue of biological per-
ception, often caused by the detriment of epithelial recept-
ors. Therefore, the required functionalities for assistive arti-
ficial perception include both sensing capabilities and recog-
nition of specific chemicals. The device demonstrated short-
term memory (STM) to long-term memory (LTM) transition
driven by H,S stimuli, leading to increased synaptic weight
(Figure 7(h)). It was verified that the synaptic weight was
reliably reinforced by an increased concentration of the tar-
get molecule, while the exposure time was constant. With
these high sensing capabilities and reliable synaptic proper-
ties, the device demonstrated a proportional real-time output
response (Figure 7(i), upper graph) and corresponding syn-
aptic weight changes (Figure 7(i), lower graph) as a function of
the input voltage, which verified the gasotransmitter-mediated
plasticity.

5. Neuromorphic sensorimotor loop system for
closed-loop neuroprosthetics

In biological systems, sensory perception and motor execu-
tion are linked through numerous synaptic clefts that complete
the sensorimotor loop pathway. This neural circular system
detects external stimuli via sensory receptors, processes sig-
nals in the brain, and transmits motor commands to muscles,

which generate feedback based on newly updated sensory
stimuli induced during continuous exercise (Figure 8(a)).
Sensory feedback signals during physical actions play an
important role in providing feedback that helps the brain make
continuous adjustments, ensuring that the body meets its ori-
ginal goals and avoids issues such as insufficient muscular
fatigue. Multiple synaptic connections in the sensorimotor
loop also contribute to energy efficiency, speed, and accur-
acy by enabling low-power signal processing, transmission,
and memory storage, which support learning and adaptive
responses based on past experiences. Considering these prop-
erties, neuroprosthetics as substitutes for biological sensor-
imotor functions aim to integrate closed-loop systems with
sensory feedback and neuromorphic computing that incorpor-
ates biomimetic artificial synapses to replicate sensorimotor
functions.

In terms of recent technological advancements in practical
and clinical applications, closed-loop prosthetic limbs have
been developed to emulate the natural integration of sens-
ory units and fine actuators bridged by intercurrent perception
feedback!?*0—2%41 A notable example is a closed-loop robotic-
arm system that features prosthetic control using neural feed-
back based on real-time force and slippage sensations!?+3].
This system incorporates EMG electrodes, a force-sensing res-
istor, and a combination of cuff and intraneural electrodes.
These components are organically connected, and their func-
tionalities are mobilized to build a closed-loop operation
(Figure 8(b)). In the operational sequence, the motor intentions
of patients are detected as muscle activities by EMG sensors
and decoded through a pattern recognition algorithm that clas-
sifies the gesture and force scale. This controls the position and
force of the artificial limb during task execution. During actu-
ation of the robotic arm, the force sensor integrated into the
fingers detects force and slippage events that occur when con-
tacting objects, resulting in the provision of feedback inform-
ation by encoding nerve stimulation patterns that correspond
to the applied sensations. The electrical sensory signal initi-
ated by the force sensor device is transmitted to the patient’s
natural biological system through peripheral nerve-interfaced
electrodes, causing the patient to perceive the applied force
and slipperiness of the interacting substances. The delivery
process of the sensory stimuli is important in that the sens-
ory feedback ultimately leads to closed-loop motor control,
allowing the patients to adjust the fine motion of the artificial
limb based on recognized information relating to how much
force is applied to the objects in contact and how reliably the
user interacts with them as intended. It was demonstrated that a
patient equipped with a prosthesis capable of neural feedback
performed better at manipulating tasks involving small objects
using the fingers of an artificial hand than a patient without
feedback functionality (Figure 8(c)). By utilizing the inform-
ation regarding the applied force and slippery level induced
by interaction with a substance as the sensation feedback, the
patient with the closed-loop robotic limb was able to engage
in a more natural posture, prompt motion occurrence, and del-
icate force adjustment. In contrast, a patient lacking sensation
feedback struggles with stable gripping and accurate control. It
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Figure 8. Soft neuromorphic sensorimotor loop system incorporating an artificial synapse for closed-loop neuroprosthetic technology. (a)
Schematic of the biological sensorimotor loop system. Tactile sensory transmission from mechanoreceptors to the brain and perception at the
sensory cortex induce motor feedback elicited from the motor cortex to muscles via synapses. (b)—(g) Closed-loop neuroprosthetic systems
for natural restoration of tactile sensation and spontaneous control of bionic limb actuation utilizing sensory feedback. (b) Schematic of the
operational flow of real-time closed-loop control of the prosthetic upper limbs using force-and-slippage sensory feedback obtained by neural
interfacing electrodes. (c) Real-time measurement of the EMG amplitude, finger angle, and force level by producing different EMG signals
during closed-loop force and slippage control of the manipulation task of a shape sorter of a small cylindrical object. (d) Measured weighted
success for various categories, including lateral, power, precision, and manipulation, regarding task performance while grasping objects using
closed-loop prosthetic control. (b)—(d) From!?**]. Reprinted with permission from AAAS. (e) Schematic of closed-loop torque control of the
prosthetic lower limb utilizing restored proprioception feedback facilitated by AMI. (f) Representative measurement of lateral gastrocnemius
EMG (blue) and torque (purple) signals during different stimulation currents (green) in closed-loop torque control for the “stimulation on”
(n = 79 total trials) and “stimulation off” (n = 79 total trials) trial cases respectively. The numbers at the top of the graph correspond to the
percentages of the effort commands. (g) Mean data of measured torque signals for the trials of closed-loop prosthetic control in each of the
“stimulation on,” “stimulation off,” and “unaffected limb” (n = 80 trials) cases. (e)—(g) From!>*., Reprinted with permission from AAAS.(h)—
(1) Neuromorphic sensorimotor loop system integrated with soft bioelectronic devices. (h) Schematic illustrating the artificial sensorimotor
loop system applied to living animals. (i) Schematic of the structure and working mechanism of a soft stretchable synaptic transistor. The
active domain of a fully solid-state artificial synapse utilizes an organic semiconductor channel and a solid-state ionic dielectric composed
of ICE with high ion conductivity, azide crosslinkers, and a single-ion conductive PiTFSI. (j) Transfer curves of synaptic transistors and the
distribution of post-synaptic current (inset) for the synaptic transistor array. (k) Correlation plot showing the relationship between presynaptic
pulse train frequency and the corresponding amplitude of the post-synaptic current obtained from a synaptic transistor. (1) Feedback signals
recorded from the motor cortex elicited by different pressures applied to a tactile sensor embedded in soft e-skin. (h)—(1) From!?**). Reprinted
with permission from AAAS. [Illustrations in (a) Created in BioRender. Son, D. (2025) https://BioRender.com/d76k984.].
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was also verified that the utilization of tactile feedback inform-
ation elicited during motor activities improves exercise accur-
acy and execution efficiency comprehensively for performing
actions, including the exertion of force on objects and interac-
tion with them in various ways, not limited to the case of one
manner of object manipulation (Figure 8(d)).

Another representative technology involves lower-limb
applications. The system features an agonist-antagonist
myoneural interface (AMI) methodology for restoring
proprioception, which is the ability to sense the relative spa-
tial positioning of body parts and the amount of force exerted
on objects or the environment!?**], Proprioception is critical
for delicate motor control, gait adaptation, and joint stabil-
ity and this study emphasizes its use as sensory feedback
information in bionic joints. This function is embedded in the
prosthetic system, where agonist and antagonist muscle ten-
dons are connected mechanically in series and exhibit AMI
(Figure 8(e)). The ultimate scheme of the closed-loop robotic
lower limb applied to an amputee is aimed at natural torque
control. Afferent feedback of the prosthetic joint torque is
delivered through functional electrical stimulation (FES) to
the antagonist muscle, enabling the subject to perceive artifi-
cial stimulation from the EMG sensors as a natural sensation
of ankle torque. It was demonstrated that the torque control
of the robotic limbs with closed-loop feedback replicating
proprioceptive sensation, enabled the segmentation and lin-
earization of torque force as a function of the effort ratio
proportional to the EMG level, a feature more distinct than
that of systems lacking proprioceptive feedback (Figures 8(f)
and (g)).

The latest state-of-the-art neuroprosthetic technologies
have improved functionality through the use of closed-loop
systems; however, their clinical application remains limited.
The absence of synaptic devices that mimic biological neurons
using neuromorphic computation contributes to the incompat-
ibility of prosthetic-neural interfaces!?% 2821, Consequently,
artificial perception systems with biomimetic synapses have
yet to be fully implemented due to technical challenges.
One crucial challenge is the need for electronic systems,
designed to replicate a series of biological functions, to be
seamlessly integrated with soft materials and devices!?83 =283,
The discrepancy between the technical difficulty of demon-
strating hardware-implemented neuromorphic computations
and the relatively mature field of soft electronics further
hinders progress toward this goal. A subsequent study repor-
ted a neuromorphic system that incorporated artificial syn-
aptic devices made from soft electronic materials!?*3!. To date,
this remains the only system-level demonstration of soft elec-
tronics with closed-loop neuromorphic functions, designed to
mimic the biological circulation system. This bioelectronic
system developed in a soft and fully stretchable form incor-
porates skin sensors, a processing circuit combining a ring
oscillator and an edge detector, and a synaptic transistor con-
nected with a nerve-interfacing electrode that embodies the
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biological sensorimotor loop. The soft neuromorphic frame-
work was applied to a living animal, demonstrating closed-
loop sensory perception and motor control (Figure 8(h)).
Within a set of functions, the perceptual process is initiated
by the sensation of external tactile stimuli applied to artificial
receptor devices, including pressure and temperature sensors.
The detected analog tactile signals are sequentially digitized
and encoded through a series of ring oscillators and edge
detector circuits, converting and reshaping them into spike-
like signal trains, where different amplitudes of the input pres-
sure stimuli are encoded into different frequencies of the out-
put pulse train. This operation emulates the function of bio-
logical sensory receptors, where signal transduction occurs
from physical information to an authentic bioelectricity mod-
ality. Encoded spikes containing frequency information are
delivered to the sensory cortex using a probe electrode, result-
ing in sensory perception and motor plan promotion. Neural
activities corresponding to motor commands generated from
the motor cortex flow into the soft artificial synaptic tran-
sistor to be processed and converted into a postsynaptic cur-
rent, whose signal pattern emulates that of natural motor activ-
ity. The soft, intrinsically stretchable, fully solid-state syn-
aptic transistor newly developed in the study employs an act-
ive layer incorporating an organic semiconductor channel that
leverages the nanoconfinement effect and a solid-state ionic
dielectric made from ionic conducting elastomer (ICE) with
high ion conductivity, azide crosslinkers, and a single-ion con-
ductive polyelectrolyte {poly[(1-vinyl-3-propyl-imidazolium)
bis(trifluoromethanesulfonyl)imide] (PiTFSI)} (Figure 8(i)).
The artificial synapse exhibited a large hysteresis in the
transfer curves maintained under 50% strain (Figure 8(j)).
Furthermore, the synaptic transistor caused large changes in
the amplitudes of the postsynaptic currents as a function of the
gate input frequency. An approximately 4-order-of magnitude
output difference occurred with presynaptic pulses of different
frequencies between 1 and 100 Hz (Figure 8(k)), whereas the
all-solid-state devices maintained a stable postsynaptic cur-
rent with no significant variation after soaking in physiolo-
gical fluids for hours. Using mechanoreceptor-inspired sens-
ory encoding circuits and synaptic transistors, a neuromorphic
sensorimotor loop system was developed and applied to an
anesthetized small-animal model in vivo. Spike pulse trains,
as sensory signals encoded by the biomimetic circuits embed-
ded in the soft stretchable electronic skin system, were trans-
mitted by a series of output nodes of the circuits, an amplify-
ing buffer, and a platinum (Pt) wire electrode, stimulating the
somatosensory cortex of the animal, which elicited respons-
ive spikes from the motor cortex recorded by another wire
electrode. It was experimentally demonstrated that stronger
pressure applied to the prosthetic e-skin reliably led to faster
motor feedback (Figure 8(1)). Presynaptic spikes with different
frequencies, output from the motor cortex, and subsequently
input into the gate node of the synaptic transistor resulting in a
postsynaptic output current with proportional amplitude. This
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current stimulated the sciatic nerve and modulated the degree
of muscle activity by different amplitudes of motor feedback
using an interfaced PEDOT:PSS nerve electrode. These res-
ults are significant as they represent the feasibility of hard-
ware implementation of closed-loop neuromorphic prostheses,
as well as their real-time operation in live animals.

6. Perspective

In this review, we comprehensively investigated the recent
technological progress in perception-mimicking systems
integrated with artificial receptors and synapses for the imple-
mentation of advanced neuroprosthetics. We organized the
literature according to the following scope and objectives:
as described above, a closed-loop neuroprosthetic techno-
logy capable of functionally replacing significantly dam-
aged or completely lost natural limbs and sensory organs
is essential for the development of customized prosthetics.
It is also important to develop bidirectional systems incor-
porating electromechanical exoskeletons and control cir-
cuitry to provide motor functions as well as sensors, trans-
ducers, and transmission circuitry to reproduce perceptions.
These bilateral functionalities must be connected and cir-
culated, while including sensory feedback, similar to the
mechanisms of the human body. However, achieving success-
ful hardware implementation of a comprehensive prosthetic
system for customized and biologically compatible applica-
tions remains a significant challenge. Thus, the development
of prosthetic systems involves various strategies for imple-
menting hardware units, each aimed at performing specific
roles.

Sensors based on soft materials, designed to be embedded
within the artificial skin of prosthetic appliances for the input
of external stimuli, were primarily introduced as imitational
sensory receptors. Recent advances in prosthetic systems have
led to the development of sensor devices with soft form factors.
The objective of such platforms is to reproduce sensations and
create artificial skin with mechanical properties that are both
aesthetically and functionally compatible with the original
skin. Although significant advances have been made in devel-
oping highly functional soft-sensor devices compatible with
CMOS technology and peripheral IC systems, artificial recept-
ors have mainly been studied based on independent sensor
devices designed to detect external stimuli using flexible and
stretchable materials. The latest applications of these artificial
sensory systems in prosthesis technology have been combined
with Al software supported by high-performance computing
systems. These systems perform online neural network-based
learning and inference to process electrophysiological signals
and enhance sensing performance.

Furthermore, to fully substitute biological systems and
restore physiological functions using artificial bidirectional
systems, it is essential to implement a closed-loop oper-
ation comprising hardware-implemented high-performance
processors. These devices require capabilities for data com-
putation and storage, similar to biological nervous systems,
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while providing low-power parallel processing and synaptic
plasticity. In this context, the latest neuromorphic compute-
in-memory systems emulate the operational mechanisms of
the human brain by integrating conventional CMOS memory,
including SRAM, and futuristic memristors employing emer-
ging non-volatile memory technologies such as RRAM.
However, because these systems were not developed specific-
ally to process electrophysiological signals in biological sys-
tems, they are not optimized to replicate the structure and oper-
ational mechanisms of neural pathways related to sensory per-
ception and motor control in terms of system configuration and
circuitry design. Consequently, biomimetic sensory-prosthetic
systems employing soft neuromorphic devices based on arti-
ficial synapses have emerged as promising solutions. These
synaptic devices, which can be classified into two- or three-
terminal nodes, employ various operating methods depend-
ing on their physical structure and material strategies. They
exhibit different strengths in metrics such as operation voltage,
switching speed, voltage window, endurance, and retention
time, which determine the performance of large-scale arti-
ficial synapse arrays and fully hardware-implemented neur-
omorphic systems. These systems are evaluated based on
integration density, complexity of the circuitry, conductance
level, energy per operation, and other factors. These synaptic
devices can be manufactured as flexible or stretchable plat-
forms with mechanical softness by incorporating appropri-
ate material strategies and fabrication protocols, making them
highly compatible with receptor-mimicking soft sensors while
maintaining both computation and storage capabilities with
low power consumption.

Building on these developments, soft sensory-
neuromorphic systems have been developed to emulate per-
ception and memorization processes. These systems detect
external stimuli with artificial receptors, process analog input
signals into spikes, and perform synaptic plasticity. The liter-
ature on recent sensory-neuromorphic systems incorporating
soft artificial synapses, as introduced in this review, verifies
the feasibility of various artificial perceptions, including those
for vision, olfaction, and tactile sensing. In particular, it has
been demonstrated that sensors and synaptic devices with
soft, flexible, and stretchable properties enable perception
prostheses to interface conformally with biological tissues.
This indicates that artificial perception systems can be com-
patibly embedded within the prosthetic skin of robotic limbs
or combined with extremely soft tissues, such as the retina,
while reproducing the same mechanical behavior as the ori-
ginal body without functional and aesthetic incompatibility.
Despite these significant advancements, research in the field of
soft and deformable electronics has primarily focused on dis-
covering optimal materials and ensuring both mechanical and
electrical stabilities at the individual device level. Given the
current state of technology, there are relatively few examples
of array-scale artificial synaptic devices implemented in flex-
ible or stretchable form factors. Consequently, the challenges
in advancing soft neuromorphic hardware based on artificial
synapses for perception-reproducible neuroprosthetics are as
follows:
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First, in addition to improving performance, it is essen-
tial for synaptic devices to ensure durability, repeatability,
and lifetime under continuous electrical operation and mech-
anical deformation. These qualities are key merits for the
long-term usability of prosthetics. To meet these requirements,
the soft electronic materials mobilized to develop artificial
synapses—including inorganic thin films, nanoparticles and
nanowires, elastomers, and solid-state electrolytes—must be
advanced to maintain stable performance over extended peri-
ods. Additionally, these materials must be compatible with
large-area, high-throughput, uniform, and high-quality man-
ufacturing methods. By applying mechanically stable mater-
ials and compatible manufacturing processes, soft synaptic
devices can become scalable, durable, and reliable, making
them suitable for extended use in prosthetics.

Second, in addition to the device technology for artifi-
cial synapses mimicking visual, tactile, and olfactory percep-
tion which are mainly introduced in the manuscript, efforts to
implement other synaptic devices included in the five senses
with soft and flexible form factors are also very essential for
complete neuromorphic prosthetic system. Regarding hearing
and taste, the advancement of synaptic device technology for
replicating those senses in terms of deformable platforms is at
an early stage, where most of the developed devices have been
fabricated to rigid form factors!?8—2%1 To date, auditory and
gustatory sensation-recognizing synaptic devices with mech-
anical deformation properties integrated based on flexible
electronic materials have emerged in the latest reports/2!-2%21,
In the case of artificial synapses for the auditory system, both
sensor devices as the receptor transducing mechanical vibra-
tion into an electrical aural signal and synaptic devices for
processing the converted electrical signals should be fabric-
ated as a mechanically deformable form factor and physic-
ally integrated with each other. On the other hand, gustatory-
mimicking devices operate by detecting chemical molecules
and converting them into electrical signals for synaptic pro-
cessing, which is similar to that of artificial olfactory synapses.
However, there is a fundamental difference that the olfactory
system detects gaseous chemicals while the gustatory system
captures liquid chemicals, which makes it difficult to imple-
ment artificial synapses emulating taste perception due to the
requirement of material and device stability under liquid con-
ditions. In order to overcome these barriers to advance audit-
ory and gustatory synaptic devices, breakthroughs in related
technical elements including novel soft electronic materials,
design of reliable and stable device structure, and integration
process of deformable platforms would be comprehensively
required.

In addition to the overall development of artificial syn-
aptic devices for each five-sensory perception, implementa-
tion of the multimodal perception-replicating system, which is
capable of integrating multiple sensory inputs and processing
them to perceive complex sensation without any distortion
and interference in information, would be the ultimate goal
of the complete network of artificial synapses. In the living
system, the thalamus and the association cortex of the brain
are respectively responsible for integrating and processing
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detailed sense information in the same type delivered from
each specific receptor (e.g. tactile inputs including pressure,
temperature, texture, and pain) resulting in sophisticated uni-
sensory perception and different type of sense information
transmitted from each primary cortex (e.g. five-sense inputs
including vision, touch, hearing, smell, and taste) leading to
multi-sensory perception. Inspired by these biological oper-
ations, there have been primary development of soft mul-
timodal synaptic devices which can process different input
information by connecting with multiple sensor devices of dif-
ferent modalities!?>3 391!, Despite significant advances, it is
very difficult to develop a genuine multimodal synaptic device
capable of merging different sensory information, decoup-
ling them, and performing variable synaptic operations based
on the appropriate weight of each information. In addition,
the progress so far has not reached the natural imitation of
complex and hierarchical neurotransmission and processing
pathways, but rather has achieved primitive implementations
inspired by the operational mechanism of biological nervous
system. It would also be significant challenges to functional-
ize these multimodal synaptic devices to be soft and deform-
able and to ensure compatibility with scalable process techno-
logy. To realize the ultimate goal, therefore, the development
of both in-situ multi-sensory processible soft synaptic devices
and system-level configuration should be accompanied.

After successfully replicating or restoring the biological
sensory systems of humans, the next essential step in pros-
thetic technologies is to explore the augmentation of human
abilities beyond these senses. By leveraging artificial neur-
omorphic systems to explore additional sensory modalities
inspired by unique biological mechanisms in nature (e.g.
insects, animals, etc.), such as magnetoreception, electrore-
ception, and ultrasound detection, higher reaction speeds and
sensitivities can be achieved**>—303] This approach holds
significant potential for advancing future supreme human-
machine interface technologies.

In this respect, comprehensive and tailored strategies for
advancing neuromorphic systems based on artificial synapses
have yet to be fully developed. After improving individual
synaptic devices with optimal device structures and mater-
ial engineering, efforts must focus on replicating the biolo-
gical configuration of trillions of neurons and synapses within
neural pathways. This includes the summation, conversion,
transmission, and storage of sensory or motor signals with
low power. To scale up bioinspired beyond-CMOS devices
to the array level and integrate them with existing CMOS-
based peripheral systems, compatible circuitry based on arti-
ficial synapse arrays, multistep fabrication protocols designed
for compatible circuit layouts, and optimization of unit pro-
cesses using unconventional materials and process integration
are required. These challenges necessitate extensive contribu-
tions from experts in physical, chemical, biological, and elec-
trical engineering.

Finally, with scalable hardware-implemented synaptic
devices and circuits, the construction of a neural computa-
tion model and the embedding of operational firmware within
the complete hardware is the final challenge in completing
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Technology fields

Neuromorphic system with
artificial synapses

Receptor-mimicking
sensor devices

Neuroprosthetic system

Requirements

High linearity response
Low power operation
Full hardware implementation

Sensitivity and selectivity
Tissue-like softness

Bio-adaptive deformability

High accuracy
High selectivity
Closed-loop operation

Soft closed-loop bio-integrated
sensory-neuromorphic system

Ultimate goal

Personalized neuroprosthetic technology

Figure 9. Key element technologies for realizing the ultimate bio-integrated closed-loop soft neuromorphic human prosthesis. Various tech-
nical requirements from each field are essential for achieving technology fusion. The ultimate goal is the development of tailor-made systems
personalized for individuals, considering their unique physical characteristics, as well as motor and cognitive abilities.

an authentic neuromorphic prosthetic system. While signific-
ant advances have been made, a deeper understanding of bio-
logical neural pathways and innovative developmental skills
based on computer science and engineering are needed to com-
plete the optimal model. Specifically, for closed-loop opera-
tions with continuous feedback signals similar to those of the
human body, additional connections and designs of the afore-
mentioned sensors and synaptic circuits to separate feedback
systems are required to ensure precise perception of external
stimuli and corresponding motor actuations. Furthermore, it
is worth noting the importance of a long-term stable power
supply for systems where sensors and processors are well-
integrated. While conventional prosthetics and robotics have
relied on rigid, bulky batteries for operation, recent advance-
ments in wearable power supplies have focused on develop-
ing soft, skin-like form factors using technologies such as tri-
boelectric nanogenerators (TENG) and thermoelectric gener-
ators (TEG)P3%—3%1 However, these skin-like batteries face
limitations in implementing closed-loop feedback systems for
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prosthetics due to their short lifespan and low efficiency. In
contrast, battery-less systems, which deliver power externally
via antennas or coils, offer the advantage of providing power
on demand, making them promising candidates for wear-
able and implantable applications!?!%-3!!] Recent studies have
specifically focused on creating stretchable tags and readers
that can efficiently and accurately deliver power and inform-
ation wirelessly, even during continuous motion or daily
activities!*'?]. If a proper combination of soft batteries, wire-
less power transmission, and stretchable charge-delivering cir-
cuits is achieved, it would enable the neuromorphic systems
implemented earlier to operate more stably and over a longer
duration. This advancement would contribute to making pros-
thetics more convenient and capable of mimicking human-
like movements more closely. Ultimately, portable automated
neuromorphic systems can be created once both hardware and
software are designed and optimized.

The schematic shown in Figure 9 illustrates the blueprints
for closed-loop neuromorphic prosthetic technology. The final



Int. J. Extrem. Manuf. 7 (2025) 042001

Soft sensory-neuromorphic system for closed-loop neuroprostheses
Kim J et al.

objective of this technological fusion is to directly connect
with human nerves and perfectly reproduce the appearance
and function of the original sensory organs and limbs. Each
technology involved must not only advance but also operate
cohesively as part of a unified system. To implement bidirec-
tional artificial neural pathways in hardware, the development
of soft sensory-neuromorphic systems and the corresponding
soft motor neuromorphic systems should be advanced. A com-
plete closed-loop neuromorphic prosthesis is achieved when
these bilateral neuromorphic functionalities are embedded into
the system, connected through hardware and software, and
controlled in series and parallel. Furthermore, achieving dir-
ect integration of the artificial body with the nerve requires a
neural interface technology that avoids damaging or causing
inflammatory side effects to nerve tissues, which are charac-
terized by low modulus and stiffness, and flexible, stretchable
behaviors. Functionally, high-speed link technology is cru-
cial to enable communication between nerves and electronics,
multiplexed electrical signals with wide bandwidth, and high-
throughput capabilities while minimizing artifacts and inter-
ference. Despite the numerous challenges, the development
of closed-loop soft neuromorphic prosthetic systems is highly
promising and is expected to have a profound impact. We hope
this review provides insights and perspectives for researchers
in this field.
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