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Optoelectronic synaptic transistors are attractive for applications in next-generation brain-like computation
systems, especially for their visible-light operation and in-sensor computing capabilities. However, from
a material perspective, it is difficult to build a device that meets expectations in terms of both its
functions and power consumption, prompting the call for greater innovation in materials and device
construction. In this study, we innovatively combined a novel perovskite carrier supply layer with an Al/
MoOs interface carrier regulatory layer to fabricate optoelectronic synaptic devices, namely Al/MoOs/
CsFAMA/ITO transistors. The device could mimic a variety of biological synaptic functions and required

ultralow-power consumption during operation with an ultrafast speed of >0.1 us under an optical
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Accepted 6th December 2023 stimulus of about 3 fJ, which is equivalent to biological synapses. Moreover, Pavlovian conditioning and

visual perception tasks could be implemented using the spike-number-dependent plasticity (SNDP) and

DOI: 10.1039/d3na00677h spike-rate-dependent plasticity (SRDP). This study suggests that the proposed CsFAMA synapse with an
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1. Introduction

As a simulation of the real human brain neural networks, arti-
ficial neural networks (ANNs) have been widely used in various
fields and have become the most mainstream artificial intelli-
gence models, which are usually implemented in the form of
software algorithms on electronic computers.”® Traditional
electronic computers, which are based on von Neumann
architecture, significantly outperform human beings in terms of
logical computing tasks. However, in the field of artificial
vision, such as pattern recognition and target detection, tradi-
tional computers, which are rooted in the compute-storage
separation architecture, are not only significantly incompetent
but also energy-wasteful compared with human beings.**
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Al/MoOs interface has the potential for ultralow-power neuromorphic information processing.

Owing to the progress in bionics and micro/nano electronics,
memristor-type electronic devices have now been developed for
simultaneously storing and processing data.”® Memristor-type
devices, called artificial synaptic devices, have been widely
studied because they can effectively simulate the working
mechanism of human neurons and synapses.'*** This is usually
considered as the underlying device for implementing brain-
like sensing and computing.”®™ Unlike pure electronic
synaptic devices, which are limited by the transmission band-
width and energy consumption, optoelectronic synaptic devices
have the advantages of both photics and electrics, such as the
reception and transmission of photics and the storage and
processing of electrics.'*™**

Therefore, significant efforts have been made to simulate
synaptic plasticity using micro/nano-optoelectronic synaptic
devices. Zhou's team developed an optoelectronic resistive
random-access memory (ORRAM) for 365 nm light based on Pd/
MoO,/ITO.*® Hu's research team fabricated a photoelectric
memristive synapse based on an ITO/ZnO,_,/AlO,/Al device
structure that could work under UV-light illumination.*
However, in these previous studies, most photosensitive phase
transitions occurred in the high-energy region of the spectrum
(such as ultraviolet or above), which means that they could not
effectively respond in the visible-light range. Thus, an artificial
vision response mechanism cannot be constructed in the
visible-light range. The inability to operate in the visible-light
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range fundamentally restricts the development of optoelec-
tronic synaptic devices for matching human vision. Recently,
Cheng's team reported a novel neuromorphic-photoelectric
device of vertical van der Waals heterojunction phototransistors
based on a colloidal 0D-CsPbBr;-quantum-dot/2D-MoS, heter-
ojunction channel, which displayed photoelectric plasticity and
synaptic functions.?” Reservoir computing (RC) is a simple and
efficient brain-like algorithm for processing temporal signals.
In RC systems, a dynamic “reservoir” of synapses with short-
range plasticity are used to map complex temporal signals to
a new space, represented by the states of the nodes in the
reservoir. More recently, studies have shown that devices based
on optoelectronic synapses can support RC and consequently,
have been successful used in the field of artificial vision.***”
These studies are noteworthy. However, compared with the
functional layer materials and device structures used in tradi-
tional perovskite batteries, some materials and device struc-
tures that are not commonly in perovskite batteries suffer from
material mismatch, perovskite toxicity, and a difficulty of
preparation.”® Therefore, on the premise of meeting the
requirements of visible-light work, a more universal device
structure paradigm is also needed to provide fabrication guid-
ance and simplify the difficulty of device fabrication.

In this work, we incorporated perovskite as a photosensitive
material and combined it with an Al/MoO; heterojunction into
an optoelectronic synaptic device that could operate in the
visible-light range and effectively simulate a variety of synaptic
functions at an ultralow energy consumption, such as excitatory
postsynaptic current (EPSC), paired-pulse facilitation (PPF),
short-term plasticity (STP), long-term plasticity (LTP), and
forgetting behavior. Notably, the material and structural
composition of this synaptic device were based on materials
and structures common to perovskite solar cell devices.
Furthermore, we demonstrated both the applications of clas-
sical Pavlovian conditioning and image signal encoding pro-
cessing, where the former showed the value of the device in
associative learning and the latter could support the use of in-
sensor RC in visual perception.

2. Results and discussion

Organic-inorganic halide perovskites (OIHPs) are widely used
in optoelectronic devices because of their excellent photoelec-
tric conversion efficiency, high stability, and controllable
bandgap compared with non-hybrid perovskites.” Among
them, triple cation perovskites with excellent thermal and
structural stability, especially CsSFAMA, can be prepared by
optimizing the ratio of the cationic and halogen ion elements in
perovskite.*® Based on this, we explored and optimized the
preparation protocol for CSFAMA perovskite and introduced it
as a photonic electron supply layer in our optoelectronic
synapse. In addition, molybdenum oxide, a metal oxide mate-
rial commonly used in optoelectronic devices, has been applied
to optoelectronic synaptic devices because of its oxygen defect
characteristics.”® Inspired by this, we attempted to simulate the
synaptic function in synaptic devices by introducing an Al/MoO;
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layer to obtain sufficient oxygen defects in the optoelectronic
devices to control the dynamic behavior of carriers.

2.1. Device structure, photoresponse, and energy
consumption

The human visual system can directly receive and send rudi-
mentarily processed optical signals into the brain. Synapses
between the eyes and brain act as important links that take
charge of information reception, simple processing, and
transmission (Fig. 1a). To simulate and integrate the functions
of synapses in the human visual system, we remodeled the
photoreceptors based on two-terminal CSFAMA perovskite
transistors with an oxygen-defect-abundant layer, making the
device both capable of responding and processing optical
signals into a couplable EPSC. As illustrated in Fig. 1a, our
designed two-terminal optoelectronic synaptic device demon-
strated a stacking structure, with Al on the top, MoO; and
CsFAMA perovskite successively in the middle, and ITO at the
bottom. Fig. 1b shows a cross-section scanning electron
microscopy (SEM) image and illustrates the order and thickness
of the individual layers, with CsFAMA 500 nm thick, MoOj;
40 nm, and Al 80 nm. From the SEM image, it can be seen that
each layer was well prepared, and the perovskite layer showed
the characteristics of compactness and uniformity. To explore
the resistive switching and photoresponse character of this
device, typical current-voltage (I-V) curves of the Al/MoOs/
CSFAMA/ITO device were measured in the darkness and
under visible-light illumination, as shown in Fig. S1 in the ESL.}
In the high-resistance state (HRS), it was clear that different
resistive switching behaviors existed between the darkness
(Fig. 1c black) and under illumination (Fig. 1c red) conditions.
This measurement shows that the conductivity of the device was
raised by several times in the HRS part, indicating the device
was affected by light stimulation and could respond to light
signals.

In order to further explore how the device responds to optical
signals and take full advantage of the wide spectral character-
istics of perovskite in the visible range (Fig. S2, ESIf),** light
with the same power and width, but different wavelengths (470,
550, and 660 nm) was used to stimulate the device (Fig. 1b). The
bias voltage (V) of 0 V was applied for all the following
measurements. According to Fig. 1b, the CsFAMA synapse
showed a typical synaptic property; that is, the effects after the
stimulation (EPSC) did not disappear immediately with the
disappearance of the stimulus. Moreover, the strength of the
effects (i.e., the intensity and duration of EPSC) was correlated
with the wavelength, and this phenomenon may be the reason
for the linearly decreasing absorptive capacity of CsFAMA
perovskite.

In our CsFAMA optoelectronic synapses, an extreme
response time was demonstrated by light stimulation at
different frequencies (4, 6, and 9 MHz, A = 470 nm, P = 0.3 mW
cm %), as shown in Fig. 1e. As is well known, the most essential
feature of a synapse is the PPF effect, whereby continuous
stimulation leads to a continuous increase in synaptic weight.
In Fig. 1e, it could be obviously found that the strength of the

© 2024 The Author(s). Published by the Royal Society of Chemistry


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d3na00677h

Open Access Article. Published on 06 December 2023. Downloaded on 1/23/2026 8:46:20 AM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Paper

\: Bl
Input Optical \ Output
Stimuli S [ EPSC
Optical Stimuli

ITO/Glass

Perovskite |2 M

MoO;

Al electrode

HRS—part

—I1lumination
—Dark

Current (A)

Voltage (V)

=100 ns, P=0.3 mW/cm?

TDul se

— 9 MHz
—— 6 MHz
— 4 MHz

EPSC (nA)

0 L L . s L L
0 2 4 6 8 10 12 14

Time (s)

View Article Online

Nanoscale Advances

AL —

CsFAMA
ITO !
200 nm
60
On
[ off
Tou1sc=0-5 s —— 470 nm
= ~—— 550 nm
<C 40
£
(&)
7]
o
i
20F

0
Time (s)
f 10°

~
- 108 F
Y= o
~ ok PMMA/CsgAgBiBrg—"
S 100k
o 100k B-doped Si NCS— »0
% 10°F C8-BTBT ——2
@ 1%k [nA1Z00 —=2
S . Si NCs
o 10°F a-Gao03

10" fBiological Synapse = = = = = = = = = = = =
& 100k BP/Cds — 7,8
qL, B This work |
Lﬁ 107 F graphenc/h*BN/MoSz:

-2 i - . uad

1
10° 10* 10 102 10" 10° 10" 10® 10°
Optical pulse width (ms)

Fig. 1 Device structure, photoresponse, and energy consumption of the CsFAMA optoelectronic synaptic transistor. (a) Schematic of biological
synapses and the corresponding synaptic transistors. (b) Cross-sectional scanning electron microscopy (SEM) image of the device. (c) -V curves
(HRS part) of the synaptic transistor in the dark (black line) and under light illumination (red line). (d) Photoresponse with different wavelengths. (e)
Minimum pulse widths (Toyse =100 ns, P= 0.3 mW cm™?) of the light response at different frequencies. (f) Comparison of the single optical pulse
width and power consumption among some optoelectronic synaptic devices. Measurements of (d) and (e) were performed at 0 V bias.

EPSC was affected by all three different frequencies of light,
meaning that a light pulse with a fix width of 0.1 ps would be
enough to trigger the plasticity of the device. The time of 0.1 ps
was ultrafast compared to even the instantaneous information
transmission in biological synapses, which is typically consid-
ered to be 50 ms and relies on neurotransmitters to transmit
information.*” The ultrafast transmission speed of our synaptic
transistors was due to the ultrafast photoelectron conversion
speed of the perovskite and the relatively short relaxation time
of the charge carriers. In general, the energy consumption of

© 2024 The Author(s). Published by the Royal Society of Chemistry

one synaptic event can be estimated by the following
equation:'*%3*

E= Ipeak X Viead X 1, (1)

where Ipeak, Viead, and ¢ represent the peak value of EPSC, the
measuring voltage, and the optical pulse spike width, respec-
tively. However, there have been a number of excellent self-
powered studies in which the bias voltage was 0, which makes
it impossible to calculate the energy consumption of the device
through the common equation.?”*>*® Therefore, we calculated
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the minimum energy required for the device to work from the
perspective of the input optical energy consumption, i.e., by E =
S x P x t, where S is the area of the device, P is the power
density, and ¢ is the spike duration of light.*”** The P of the
470 nm light used in the current work was 0.3 mW cm 2. Also,
the size of the device was 0.1 x 0.1 mm?® so the energy
consumption was 3 fJ for a spike duration of 0.1 us, which was
the same level as biological synapses (10 f]).**** In addition, we
statistically compared the relationship between the light pulse
and the energy consumption of recent devices with the same
characteristics (only optical drive). As can be seen from the
distribution in Fig. 1f, our device offers obvious advantages in
pulse duration and energy consumption.’’?**-*> Thus, we
demonstrated that our CsSFAMA optoelectronic synapses can
reduce the recognition time and energy consumption in
machine-vision tasks.*”*

2.2. Tunable EPSC and the working mechanism of the
CsFAMA optoelectronic synapses

As shown in Fig. 1, the Al/MoO;/CsFAMA/ITO device exhibited
typical synaptic properties, and the amplitude of the EPSC
continually increased with the frequency of light pulses. In
contrast, without the MoOj; layer, the Al/CSFAMA/ITO device
exhibited a transient photocurrent following the light pulses,
and the amplitude was not enhanced with an increase in the
pulse number (Fig. S3, ESIt). From this comparative test, we can
see that the MoOj; layer plays a crucial role in the Al/MoO3/
CsFAMA/ITO synaptic transistor.

To discover the working mechanism of our optoelectronic
synapses, XPS was performed to confirm the stoichiometry
variation of the Al/MoO; interface. Fig. 2a and b shows the core-
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O

View Article Online

Paper

level scan XPS data for Al 2p and Mo 3d, respectively. It can be
fairly recognizable from the Al 2p spectrum that there were
mainly two types of element peaks (Fig. 1c), with one peak at
73.0 eV representing metallic Al, and another peak with a higher
band energy (around 75.0 €V) originating from the oxidation
state of AL.*® In addition, the 75.0 eV peak showed a character-
istic of being wide and short (crossing from 72.0 eV to 78.0 eV),
indicating that the oxidized Al was not concentrated in a fixed
valence state (such as Al,03), but was non-stoichiometric AlO,.**
In Fig. 1d, the Mo 3d region displayed two pairs of peaks (blue
and orange), representing the typical spin-orbit splitting states
of 3ds), and 3d3, in Mo 3d. The blue pair of peaks for Mo 3d5,
(236.0 eV) and Mo 3ds,, (233.0 eV) fitted the Mo®" states well,
which originated from the MoO; layer.*” There also existed
another much stronger pair of orange peaks for Mo 3d;/, (233.0
eV) and Mo 3ds/, (230.0 eV), which suggested the formation of
large Mo*" ions induced by a reduction reaction. Overall, the Al
2p and Mo 3d XPS data clearly indicated that redox reactions
occurred at the Al/MoOj; interface, resulting in the presence of
non-stoichiometric AlOy, and MoO,. Combining this knowledge
with the band energies of Al, MoO;, CSFAMA, and ITO materials
obtained from the literature,***’ we were able to draw the energy
band diagram for the Al/Mo0O;/CsSFAMA/ITO device under
optical stimulus (Fig. 2¢). According to the literature, the work
function of Al is 4.3 eV, but due to the action of MoOj;, Al and
MoOj; will form a mixture alloy at the interface, and the mixture
AlOy/MoO, has been shown to have a work function of 5.3 eV.
This alloy (5.3 eV) electrode and ITO electrode (4.7 eV) consti-
tute an internal electric field pointing out from ITO to Al. With
the assistance of the internal electric field, the photogenerated
holes in the perovskite will move toward the Al electrode.>® As
shown in Fig. 2d, due to the existence of a large number of
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Fig. 2 XPS studies and mechanisms of CsFAMA optoelectronic synapses. XPS spectra of (a) Al 2p and (b) Mo 3d. (c) Energy band diagram of the
Al/MoOz/CsFAMA/ITO device under an optical stimulus. (d) Schematic of the device and the microscopic operation mechanism.
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oxygen vacancies at the AI/MoOj; interface, an energy potential
well will be provided for the hole carriers. These hole carriers
will be bound by the potential well and cannot quickly move to
the metal Al interface to compound with electrons. When the
light source disappears, the holes bound by the defects will
continue to move to the Al electrode under the action of the
internal electric field until all the bound hole carriers are
released.?”** This process greatly prolongs the relaxation time of
the photocurrent and makes the device have short/long-range
optical pulse plasticity. It is worth mentioning that in the
research into perovskite solar cells, the molybdenum oxide layer
is often used as a hole-extracting layer/electron-reflecting layer,
which has very good carrier selectivity at the interface with
perovskite. Therefore, the MoO; layer here can also block elec-
trons and regulate the direction of electron motion.

If the captured carriers in the defects are not completely
released, and another excitation light is applied to the device
again, the defects will repeat the previous process on the basis
of the existing captured carriers, and the device will thus exhibit
an increase in photocurrent intensity and a longer release time
after light removal. Here, the superposition of the previous
behavior indicates that the photocurrent can be coupled; that is,
the coupling of the input optical signal. This tunable EPSC
behavior of the device is very similar to the behavior of biolog-
ical synapses; therefore, devices based on Al/MoO;/CsFAMA/
ITO can fully complete the simulation of biological synaptic
behavior.

2.3. Optoelectronic synaptic functions in CSFAMA synapses

The basic neuromorphic functions in biological synapses for
learning and memory are based on synaptic plasticity, which
can be modulated by the number, frequency, and duration of
the input signal. Neurobiologically, synaptic plasticity is divided
into STP and LTP, in which the former is closely related to
neuronal coding and signaling, while the latter is the basis of
learning and memory.”* PPF is one of the most characteristic
manifestations of STP and is often used as the basic condition
to verify whether as-prepared transistors have synaptic func-
tions. As shown in Fig. 3a, PPF could be stimulated by two
successive optical pulses (P = 184 uW cm ™2, width = 50 ms, At
= 50 ms, A = 470 nm), and the later EPSC (4,) is always higher
than the former one (4,) for the EPSC coupling. The PPF ratio
was calculated by the formula A,/4; x 100%, and the magnitude
of the ratio is directly affected by the interval time (A¢) between
the pair of optical pulses.’* Fig. 3b shows that the PPF ratio
decreased from 170% to 105% as At increases from 16 ms to
9.9 s. The inverse relation between the PPF ratio and At is
basically similar to what happens in biological synapses, where
the weight between the anterior and posterior synapses is
related to the rate of learning. The decay of the PPF index (blue
dots) depending on At could be well fitted by the following
double-exponential equation:***?

PPF = c¢; exp(-At/t)) + coexp(-At/ty) + 1, (2)
where At is the pulse interval time, and ¢, (¢,) and 14 (7,) are the

initial facilitation magnitudes and the characteristic relaxation

© 2024 The Author(s). Published by the Royal Society of Chemistry
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times of the rapid and slow phases, respectively. Biologically,
the rapid phase (t;) should be set tenfold smaller than the slow
phase (t,). In our case, ¢; = 14.4%, ¢, = 47.5%, 1, = 0.107 s, and
1, = 1.793 s. The timescales of the rapid and slow phases
confirmed that the CsSFAMA synaptic transistor has the poten-
tial to convert STP to LTP.

We then investigated the synaptic plastic response to the
pulse number and frequency; in which all the applied read
voltages were 0 V. Fig. 3c shows the EPSC stimulated by the
same optical pulse with different numbers of pulses of 2, 5, 8,
12, and 16, respectively. As the number of pulses increased, the
EPSC showed a nonlinear growth trend from 150 pA to 250 pA.
Fig. 3d meticulously shows the EPSC curves following strict
coupling with the number of pulses and the capability of our
optoelectronic synapse with spike-number-dependent plasticity
(SNDP).** Fig. 3e shows the EPSC stimulated by different
frequencies (0.5, 1, 2, 10 Hz) and the higher spike-rate stimu-
lated the larger EPSC. Similar to spike-number stimulation, all
the curves showed a trend of nonlinear growth and decay; this
behavior is also referred to as spike-rate-dependent plasticity
(SRDP).** In order to find the attenuation law of the EPSC, we
applied pulses of different frequencies (2, 5, 10 Hz) for a period
of 1 s to the device (Fig. 3f). The decay curves of the EPSC could
be extracted in Fig. 3g and well fitted by using the well-known
Kohlrausch function:*®

I=1I,+ A x exp[—(x/1)"], (3)

where I is the value of the EPSC after decaying, I, is the pre-
exponential factor, 7 is the characteristic retention time of the
decay process, and § is the stretching index ranging from 0 to 1.
Fig. 3h shows the retention time (1) increased from 8.2 to 26.9 s
as the optical spiking frequency increased from 2 to 10 Hz.
Here, the STP-to-LTP transition was not only confirmed by the
increase of T with the increase in the stimulus frequency, but
also by the change in the spike numbers. Moreover, the decay
curves caused by the spike number and rate were similar to
those of the human forgetting process, which can be described
by the classical Ebbinghaus forgetting curve.”” Hence, the as-
prepared CsFAMA transistor possessed optical-signal-rate
(number)-based synaptic functions for learning tasks and neu-
romorphic information processing.

2.4. Associative learning and visual perception

Associative learning in animal behavior is any learning process
in which a new response is associated with a particular stim-
ulus. In the broadest sense, the term has been used to describe
virtually all learning, except for simple habituation. In a more
restricted sense, it has been limited to the learning that occurs
through classical and instrumental conditioning. Pavlovian
conditioning is considered a signature feature of associative
learning, which can be verified by the famous Pavlov's dog
experiment. As shown in Fig. 4a, dogs are naturally interested in
meat and salivation is induced in response to an unconditioned
stimulus. When the meat changes into a bell, the dog will not
salivate, as the bell is an ineffective stimulus relative to the dog's
natural ability. To establish a connection between the meat and

Nanoscale Adv., 2024, 6, 559-569 | 563
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the bell, the meat and bell signals should be matched together. salivation can be caused by both meat and the bell. In Fig. 4b,
After training in associative learning, the dog's nervous system different rates of light pulses were applied to work as the
forms the dog's conditioned response to the bell; whereby stimulate signals. With the same light intensity and duration (1
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s), 5 Hz light pulse represents the meat signal, meanwhile the
2 Hz light pulse represents the bell signal. In addition, the 100
PA EPSC was stipulated as the threshold for the dog's excite-
ment. That is, if the value of EPSC exceeds 100 pA, stimulated by
light signals, the dog (the CSFAMA synaptic transistor) responds
to the signal; otherwise, the signal is ineffective. Without
training, combined with the previous results (Fig. 3f), the EPSC
by a 5 Hz light pulse signal could easily exceed the excitability
threshold, but could not be achieved by a 2 Hz signal. In Fig. 4c,
the combined 5 Hz and 2 Hz spikes were applied as training
signals, and the resulting EPSC was obviously higher than the
original values. Owing to the character of coupling, a higher
EPSC indicates a higher overall value of the decay curve. Then,
after a duration of 80 s, if the 2 Hz light pulses are applied to the
transistor with different retardation times, the EPSC will show
different values. Which means that after training 80 s, the bell
signal could be applied as an effective stimulus (EPSC > 100 pA);
after 140 s, the stimulus became weaker but was still effective
(EPSC = 100 pA); then after 200 s, the stimulus lost its efficacy
(EPSC < 100 pA). The smaller the interval between training and
stimulation, the higher decay curve it is based on, thus the first
two EPSC values exceeded the threshold (100 pA), indicating
that the bell became a conditioned stimulus. A conditioned
response was thus successfully established between the dog and
bell. However, remarkably, due to the continuous decay of the
overall value in the training decay curve, the third input signal

© 2024 The Author(s). Published by the Royal Society of Chemistry

did not trigger an excitatory response in the device. This quite
appropriately showed that conditioning was based on contin-
uous training; once too long, conditioning will continue to
weaken until it disappears, or it can be called forgetting.
Furthermore, the pulse number effect on the Pavlovian asso-
ciative learning could also be examined using the values N = 1,
4, and 5, and a rate of 10 Hz, as shown in Fig. 4d. This series of
experiments revealed that Pavlovian associative learning
behaviors could be successfully mimicked by the CsFAMA
synaptic transistors.

RC, also known as the echo state network, is considered
a brain-like algorithm of the neural network. As shown in
Fig. 5a, an RC system consists of three parts: the input, middle,
and output layers.”® In the middle layer (reservoir), there is
a dynamic spiking neural network that preprocesses the image
pattern that comes from the input layer. The preprocessed new
pattern is then sent to the output layer. Finally, the output layer
uses existing machine-learning methods to learn this new
pattern and obtain pattern recognition or classification. The
reservoir part of RC has two requirements: it must be made up
of individual nonlinear units and must be able to store infor-
mation, which maps the inputs into a higher-dimensional
computing space and then conducts pattern analysis in
a readout section.* Thus, the key step to implement the RC is
how to build a dynamic “reservoir,” which can map complex
timing signals into a new space, and reduce the difficulty of

Nanoscale Adv., 2024, 6, 559-569 | 565
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Fig. 5 Visual perception process and reservoir computing system based on CsMAFA synapses. (a) Schematic of the neuromorphic image-
processing system, including input, reservoir, and output layers. (b) Nonlinear EPSC coupling evolutions of binary digital pictures of “4" and "6". In
the binary digital picture, there is no pulse if there is no pixel, otherwise there is a pulse of 1 Hz (width = 0.5 s, At = 0.5 5). The pictures of “4” and "6”
are represented by a series of pulses (hv) and corresponding photoexcitation current (EPSC). All the read voltage applied above were 0 V.

subsequent calculations. Recent studies have shown that the
combination of optical synaptic devices can realize RC image-
processing systems, streamline network structures, and
reduce energy consumption.””* In the process of human eye
recognition (Fig. 5a), the human eye is equivalent to the input
and reservoir layers in RC, first perceiving and pretreating
image information; then, the information of interest (pre-
treated) is transmitted to the brain to analyze or store it.

To demonstrate the application in the built RC system, cor-
responding to the functions of the input layer and reservoir
layer in RC, a neuromorphic image-processing system was
conceptually built, based on the SNDP characteristics of the
CsMAFA synaptic devices (Fig. 5b). In this neuromorphic image-
processing system, the digital images of 4 and 6 were a 5 x 5

566 | Nanoscale Adv, 2024, 6, 559-569

pixels image, and the gray level of 4 and 6 was transformed into
“0” and “1.” For example, all the pixels of image 4 could be
transformed into “0011 ... 0010”, in which “1” means the
optical pulse worked and “0” means that it did not. In this
study, an optical pulse of 1 Hz (width = 0.5 s, At = 0.5 s) was
chosen as the signal source because its decay intensity and time
were sufficient for the experiment. Under this rule, the infor-
mation of “0011 ... 0010” could be represented by a series of
optical pulses, as shown by the red curves in Fig. 5b. Then, the
CsMAFA synapse was stimulated by the series of optical pulses
and generated a coupled EPSC 1, which handled the 25 pixels
information (1 x 25) into an EPSC value (1 x 1), represented by
the blue curves in Fig. 5b. Referring to the above process, the
image of 6 for 25 pixels (5 x 5) could also be compressed to

© 2024 The Author(s). Published by the Royal Society of Chemistry


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d3na00677h

Open Access Article. Published on 06 December 2023. Downloaded on 1/23/2026 8:46:20 AM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Paper

another one for EPSC values (1 x 1). Due to the excellent
nonlinear coupling ability of this synaptic device to EPSC, each
EPSC value contained spatiotemporally linked characteristics.
That is, the information in the image was perceptually
compressed, thus reducing the dimension of the image.
Subsequently, the compressed “image” was used as a new input
to the following machine-learning network for the classification
task. This nonlinear coupling processing is an efficient method
for improving the machine-learning efficiency and reducing the
computing energy consumption. During the entire process of
image processing, the CsMAFA synapse array successfully
imitated the role of human eyes in preprocessing (see red box in
Fig. 5) and the functions of the input layer and reservoir layer in
RC; therefore, the CsSMAFA synapse array can be used in the
application of visual perception.

3. Conclusion

In this work, we innovatively designed and constructed an
optoelectronic synapse device based on an Al/MoO;/CsFAMA/
ITO structure that can directly respond to visible-light signals.
Owing to the excellent photoelectric conversion ability of
CsMAFA perovskite and carrier regulation ability of the A/MoO;
interface layer, the device showed a good ability of synaptic
plasticity, such as EPSC, PPF, STP/LTP, and forgetting behavior.
This study demonstrated a universal device structure paradigm
to fabricate optoelectronic synaptic transistors that may be
suitable for many photosensitive materials with little optimi-
zation cost. Meanwhile, our optoelectronic synapses can work
in an ultralow-power condition due to their photovoltaic char-
acter that needs no bias voltage. Under visible-light stimulation,
we demonstrated SNDP and SRDP synaptic plasticity in our
devices. Also, based on the two synaptic plasticities, Pavlov's
dog experiment was carried out, showing the device could be
applied in associative learning. Overall, the CSMAFA synapse
device exhibited great potential in a neuromorphic image-
processing system by pretreating images and reducing energy
consumption.

4. Experimental section

4.1. Materials

DMSO (99.8%), N,N-dimethylformamide (DMF, 99.8%), chlo-
robenzene (CB anhydrous, 99.8%), and cesium iodide (CsI) were
purchased from Sigma-Aldrich. Methylamine hydrobromide
(MABr), formamidinium iodide (FAI), lead iodide (Pbl,), and
lead bromide (PbBr,) were purchased from Alfa Aesar. Al
(99.999%) and MoOj3 (99.99%) were purchased from ZhongNuo
Advanced Material (Beijing) Technology Co. Ltd, China. All
materials were used as received without further modifications.

4.2. Film formation and device fabrication

ITO substrates were consecutively cleaned in detergent,
acetone, isopropyl alcohol, and deionized water with ultra-
sonication for 30 min. Then, the substrates were blown dry by
N, flux and then treated with UV-ozone for 15 min just before

© 2024 The Author(s). Published by the Royal Society of Chemistry
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the perovskite layer deposition. The perovskite precursor solu-
tion (I) was prepared by mixing 171.97 mg FAI, 22.79 mg MABI,
87.74 mg PbBr,, and 507.11 mg PbI, with 800 pL. DMF and 200
uL DMSO. The perovskite precursor solution (II) was prepared
by mixing 194.86 mg CsI with 500 uL DMSO. Then, 45 pL
precursor solution (II) was added into precursor solution (I)
with continuous dissolving and heating for 5 h. After cooling
down to room temperature, the perovskite precursor solution
was filtered by a 0.22 um membrane filter. The perovskite layer
was fabricated by spin-coating 50 pL perovskite precursor
solution on top of the ITO substrate at a speed of 5000 rpm for
30 s, inside a N,-filled glove box. At the time of 7 s to the end,
250 pL CB was quickly dropped as an antisolvent and applied to
passivate the perovskite. Then the as spin-coated film was
annealed at 100 °C for 1 h. After cooling down to room
temperature, MoOj; (40 nm, 0.5 nm s~ ') and Al (80 nm, 0.5 nm
s~ ') were deposited on top of the perovskite by thermal evapo-
ration (Kurt).

4.3. Material characterization

X-Ray photoelectron spectroscopy (XPS) was carried out in the
laboratory using monochromatic Al Ko radiation (hv = 1486.6
eV), and the photoelectrons were collected at normal emission
with a Specs electron analyzer (Phoibos 100). The photon energy
was calibrated against the Au 4f;/, core level and the metal's
Fermi level, respectively. SEM images were obtained using field-
emission SEM (ZEISS Sigma HD) with an accelerated electron
beam at 8 kV. The absorption spectra were obtained between
300 and 1100 nm wavelength range using an F20-UV thin-film
analyzer (FILMETRICS).

4.4. Device characterization

The optoelectronic current responses of the device were recor-
ded under illumination of 470 nm light (THORLABS-M470L3).
The light sources with different kinds of wavelength were
purchased from THORLABS. The light pulses were modulated
by using an arbitrary function generator (Tektronix-AFG2021).
The photoelectric measurements of the device were performed
in air using a semiconductor characterization system (B1500A,
Keysight Technologies) at room temperature.
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