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ABSTRACT
Artificial optoelectronic synaptic transistors have attracted extensive research interest as an essential component for neuromorphic computing
systems and brain emulation applications. However, performance challenges still remain for synaptic devices, including low energy consump-
tion, high integration density, and flexible modulation. Employing trapping and detrapping relaxation, a novel optically stimulated synaptic
transistor enabled by the AlGaN/GaN hetero-structure metal-oxide semiconductor high-electron-mobility transistor has been successfully
demonstrated in this study. Synaptic functions, including excitatory postsynaptic current (EPSC), paired-pulse facilitation index, and transi-
tion from short-term memory to long-term memory, are well mimicked and explicitly investigated. In a single EPSC event, the AlGaN/GaN
synaptic transistor shows the characteristics of low energy consumption and a high signal-to-noise ratio. The EPSC of the synaptic tran-
sistor can be synergistically modulated by both optical stimulation and gate/drain bias. Moreover, utilizing a convolution neural network,
hand-written digit images were used to verify the data preprocessing capability for neuromorphic computing applications.

© 2024 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license
(https://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0194083

I. INTRODUCTION

Neuromorphic processors hold the merits of high energy effi-
ciency, outstanding fault tolerance, and compact size for com-
plex computing scenarios, where bottlenecks in speed and power
consumption start to show up in von Neumann computing
architecture.1–3 Recently, human brain inspired neuromorphic
computing has attracted extensive research attention owing to
its real-time analysis of unstructured information,4 low power
consumption, and parallel data processing capabilities.5–9 In the
human brain, the vast number of synapses (∼1015) play a signif-

icant role in the neural network that processes and encodes the
received information.10,11 In addition to electrically triggered synap-
tic devices,12 research on optoelectronic synaptic devices indicates
the promise of parallel multiple-input, wide bandwidth, and low
crosstalk, suggesting great potential in artificial intelligence (AI)
implementations and neuromorphic computing.13,14 When being
exposed to optical excitation, classical synaptic reactions have been
successfully emulated, including excitatory postsynaptic current
(EPSC), paired-pulse facilitation (PPF), short-term memory/long-
term memory (STM/LTM), and spike-timing-dependent plasticity
(STDP).15
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Recently, extensive efforts have been put into the implementa-
tion of artificial synaptic devices using various emerging materials.16

Silicon (Si)-based artificial synaptic devices and neuromorphic com-
puting systems have been successfully demonstrated.15,17 In addi-
tion, oxide-based devices, for instance, a chitosan-gated indium
tin oxide (ITO) phototransistor was used to mimic the synap-
tic functions by the photonic synergic coupling effects, but this
synapse showed the relatively high energy consumption of 3.92
μJ.18,19 Two-dimensional material based devices have also been
demonstrated as artificial synapses.20–22 For example, a two-terminal
electronic synapse based on multilayer hexagonal boron nitride
(h-BN) as a resistive switching medium shows good emulation
of synaptic functions, including STM and LTM.22 Despite steady
progress presented by low-dimensional materials and associated
two-terminal synaptic devices, limited flexibility in terms of gate
control capability and susceptibility to high temperature still remain
a challenge. In addition, III-nitride wide-bandgap materials, such
as aluminum nitride (AlN)5,23 and gallium nitride (GaN),24 are
promising materials for achieving artificial optoelectronic synaptic
functions owing to their direct bandgap and persistent photocon-
ductivity.25 AlGaN/GaN metal-oxide semiconductor high-electron-
mobility transistors (MOS-HEMTs) on Si have reportedly shown
low gate leakage current, high signal-to-noise ratio (SNR), flexi-
ble modulation, CMOS compatibility, and large-scale integration
potential. Compared to two-terminal devices, employment of tran-
sistors to mimic the biological nervous system holds the advantages
of synergistic modulation of the channel current by both inci-
dent light and gate/drain bias.18 In AlGaN/GaN MOS-HEMTs,
the trap states induced charge trapping/detrapping process and
drain current transient response have been investigated in our pre-
vious studies.26–28 In response to optical excitation, the traps in
the dielectric layer or the AlGaN/GaN channel may release pho-
toexcited charges and lead to current response, which has a great
potential to mimic synaptic plasticity.5,29 The low amplitude of
trap-induced transient current in the turned-off AlGaN/GaN MOS-
HEMTs promised the virtue of low energy consumption.28,30 There-
fore, AlGaN/GaN-based MOS-HEMTs on the Si substrate represent
a promising artificial synaptic candidate for large-scale integrated
neuromorphic computing.

In this study, we demonstrate an optical-stimulated artificial
synaptic device based on AlGaN/GaN MOS-HEMT, which emu-
lates various biological synaptic functions. By applying an opti-
cal spike, the AlGaN/GaN MOS-HEMTs exhibit low energy con-
sumption and high SNR in a single EPSC event. The short- and
long-term synaptic plasticities with multiple optical spikes have
been demonstrated, while responses to gate and drain voltage are
also investigated. In addition, data processing in various appli-
cations exhibits a substantial amount of redundancy, resulting
in detrimental consequences, such as decreased processing speed
and enlarged power consumption.31 Consequently, the demand for
a synaptic device capable of preprocessing data combined with
advanced machine learning algorithms while maintaining accuracy
has become imperative. The data preprocessing ability of the pro-
posed synaptic device is validated by digit image recognition via con-
volution neural network (CNN). The proposed AlGaN/GaN synap-
tic transistors hold great potential for applications, including visual
neuromorphic computing platforms and data-intensive machine
learning.

II. FABRICATED SYNAPTIC DEVICE STRUCTURE
FOR NEUROMORPHIC COMPUTING

The AlGaN/GaN heterostructure MOS-HEMT as a three-
terminal synaptic device investigated in this study was epitaxi-
ally grown on a 6 in. Si substrate using metal–organic chemical
vapor deposition (MOCVD). The epitaxial layers of the GaN-based
synapse device consisted of a 3 μm thick buffer layer, a 200 nm
undoped GaN channel layer, a 1 nm AlN spacer layer, a 25 nm
undoped Al0.25Ga0.75N layer, and a 3 nm GaN cap layer. To achieve
mesa isolation, the device was etched by BCl3/Cl2-based induc-
tively coupled plasma reactive ion etching (ICP-RIE). Subsequently,
the source and drain regions were deposited using a Ti/Al/Ni/Au
(20/150/50/80 nm) ohmic metal stack, followed by rapid thermal
annealing at 850 ○C for 40 s with a nitrogen (N2) ambient. To mit-
igate the leakage current, three cycles of treatments were applied
to the device surface, which included 100 W O2 plasma oxidation
for 1 min and HCl immersion cleaning for 2 min in each cycle. A
15 nm Al2O3 dielectric layer was immediately deposited by using
plasma-enhanced atomic layer deposition (PEALD) at 150 ○C, which
served as both the dielectric and passivation layer for access regions.
Finally, the gate electrode was formed by Ni/Au (20/200 nm) metal
deposition. The device in this work featured a gate length (LG), a
gate–source distance (LGS), a gate–drain distance (LGD), and a gate
width (WG) of 1, 2, 3, and 20 μm, respectively. The AlGaN/GaN
MOS-HEMT on the Si substrate shows great potential for integra-
tion of neuromorphic computing devices with Si CMOS circuits,
which could provide additional benefits, such as increased density,
reduced cost, and multiple functions.32 A representative scanning
electron microscopy (SEM) image of the fabricated AlGaN/GaN
MOS-HEMT is shown in Fig. 1(a). The enlarged SEM image is
shown in Fig. 1(b). The transfer IDS-VGS characteristics of MOS-
HEMT at various VDS from 0.5 to 3.0 V are shown in Fig. 1(c). Using
the 1 mA/mm standard, the threshold voltage (VTH) is extracted
from the transfer curves to be −5.3 V at VDS = 0.5 V. The on–off
ratio of 109 is achieved, indicating outstanding charge modulation
of the MOS gate structures. The device exhibits a low leakage cur-
rent of 7.1 nA/mm at VGS of −10 V and VDS of 3 V. The output
characteristics of AlGaN/GaN MOS-HEMT are shown in Fig. 1(d).
The drain current density reaches a maximum value of 534 mA/mm
at VGS = −1 V.

III. RESULT AND DISCUSSION
Figure 2(a) shows the typical biological synapse, which holds

importance within the biological nervous system since it serves
as a vital block facilitating signal transmission between adjacent
neurons. Upon stimulus of the biological pre-synapse, the presy-
naptic membrane will immediately trigger the exocytosis of neu-
rotransmitters into the synaptic cleft.33 Then, the receptor on the
postsynaptic neutron membrane opens the channel to realize the
signal transmission, and the strength of signal transmission repre-
sents the weight of the synapse. The connections between a pair
of neurons are modulated by synaptic weights, which also deter-
mine the information from the previous neuron transmitted to
the next neuron. For AlGaN/GaN MOS-HEMT, the gate electrode,
two-dimensional electron gas (2DEG) channel with source/drain
electrodes, and channel current are considered as pre-synapse,
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FIG. 1. (a) A representative SEM image of the AlGaN/GaN MOS-HEMT synaptic device. (b) The enlarged SEM image of the device. At room temperature, (c) transfer
characteristics, and (d) output characteristics of synaptic devices.

post-synapse, and postsynaptic current, respectively.34 The wave-
length of the monochromatic optical light is 405 nm with an output
power of 10 mW as an optical excitation. The optical spikes were
applied on the AlGaN/GaN synaptic device, while the photogener-
ated carriers represent synapse transmitters, and the drain current is
used to transport these transmitters.

Due to the piezoelectric polarization and spontaneous polar-
ization effects of nitride materials, the 2DEG was formed at the
AlGaN/GaN heterointerface, leading to a normally on AlGaN/GaN
MOS-HEMT.26,35 As shown in Fig. 2(b), when applying a negative
VGS below VTH , the MOS-HEMT device is turned off. With an opti-
cal excitation, the trap levels within the AlGaN/GaN channel region
will absorb light energy to excite the carriers, which contribute to the
transient accumulation in the channel, forming the sharp increase in
the current signal. Subsequently, the transverse electrical field leads
to the collection of photoexcited carriers within the channel, result-
ing in a reduction in the current toward equilibrium. The overall
current response in the device can be extracted as excitatory postsy-
naptic currents (EPSCs) shown in Fig. 2(c). EPSCs were triggered by
presynaptic optical spiking with a 405 nm wavelength and 200 ms
pulse duration, the amplitude of which serves as the indicator of
the output for artificial synapse. The measured gate and drain bias
were set as −8 and 0.5 V, respectively. With a 405 nm optical spike
applied, the peak current amplitude of 983 nA is obtained from
the drain current level of 5 nA before the spike. When the optical
excitation is switched off, a gradual decay of the EPSC current is
observed after a sharp increase in current, indicating that the opto-
electronic synapse generating the response resembles a biological
EPSC signal.

The optical pulse duration dependent EPSC and energy con-
sumption were extracted and shown in Fig. 2(d). The blue data
points represent the peak EPSC value as a function of the optical
pulse duration. With increasing optical pulse duration, the ampli-
tude of EPSC first increases and then reaches the saturation. The
energy consumption of the single EPSC event with an optical spike
duration by13,36

dE = VDS × IDS × dt, (1)

where IDS and t are the peak EPSC value and optical pulse dura-
tion, respectively.24 The energy consumption could be reduced by
decreasing t, where the shorter t will generate small IDS. Thus, the
reduction in the optical pulse duration is an effective way to lower
the energy consumption of the synaptic device. Energy consumption
was reduced form 171.8 nJ to 34.2 pJ with a decrease in the optical
spike duration from 300 to 3 ms. The SNR of the EPSC signal can be
determined by the following equation:11

SNR ≥ 10 lg( PS

PN
) ≈ 10 lg(AEPSC

σNoise
), (2)

where PS, PN , AEPSC, and σNoise are the mean power of the EPSC,
mean power of the noise, the amplitude of EPSC, and the stan-
dard deviation of the noise current, respectively. Thus, the SNR was
increased from 15.03 dB (at an interval time of 50 ms) to 20.75
dB (at an interval time of 1000 ms), showing a good SNR of the
EPSC signal. In addition, writing and erasing characteristics (Fig.
S1, supplementary material) show the good cycling endurance of the
III-N synaptic devices.
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FIG. 2. Schematic of (a) the biological synapse and (b) the light-triggered detrapping process. (c) Excitatory postsynaptic current (EPSC) with a single optical pulse of 200 ms.
Inset shows the enlarged EPSC current and optical pulse duration. (d) Peak EPSC value and energy consumption as functions of optical pulse duration.

The temporal potentiation of synaptic connection is known
as short-term plasticity (STP) in neuroscience.37 PPF as a repre-
sentative STP indicates the receptivity of biological synapses for
temporal information processing, such as visual and auditory signals
in biology.34,38 Specifically, PPF refers to the stimulus immediately
after the previous pulse, which will evoke a larger EPSC than the
previous one. Figure 3(a) shows the schematic of PPF in a nervous
system, and when the presynaptic neuron is triggered by two close
pulses, the residual Ca2+ from the first pulse enables more trans-
mitter release, leading to an enhanced response.39 In Fig. 3(b), to
mimic the biological synaptic functions, the PPF response was mon-
itored by applying two adjacent optical excitations with the pulse
duration of 300 ms and pulse interval of 250 ms, while the bias con-
dition is the same as the EPSC measurement. In the PPF, when the
first optical spike was applied, the photogenerated electrons move
into the 2DEG channel, resulting in the signal peak current A1 of
EPSC. When the first spike was switched-off, the carriers trapped at
the shallow trap could be released, leading to the decay process of
EPSC. If the AlGaN/GaN synaptic transistor is optically stimulated
again before the complete release of the trapped photogenerated car-
riers, traps with even lower activation energy would be occupied by
the carriers, and then, the EPSC was enhanced with the second peak
current A2. The release process of the excess trapped carriers gives
rise to longer decay time as the mimicking of PPF. This PPF manifes-
tation is also similar to the process of excitatory signals originating
from the presynaptic membrane to the postsynaptic membrane with
two consecutive stimulations in the biological nervous system, and

the A1 and A2 were extracted to be 1122 and 1408 nA, respectively.
Meanwhile, the device-to-device (Fig. S2, supplementary material)
and cycle-to-cycle (Fig. S3, supplementary material) measurements
for EPSC and PPF show that the synaptic devices have excellent
spatial and temporal uniformities.

The PPF index was defined as the ratio of the second EPSC cur-
rent response to the first EPSC current response (A2/A1),23 which
was also measured for varying interval times (Δt) from 250 ms
to 16 s, as shown in Fig. 3(b). The PPF index first decreases
promptly and then gradually when the Δt increases. The interval
time-dependent PPF index phenomenon can be well described by
the following equation:5,40

PPF = 1 + C1 exp(−Δt
τ1
) + C2 exp(−Δt

τ2
), (3)

where C1 and C2 indicate the ratio of the current magnitudes in
two stages, respectively. τ1 and τ2 represent the characteristic relax-
ation times of fast and slow phases, respectively. The fitting curve
of PPF is shown as a dashed line in Fig. 3(b). From the fitting
results, τ1, τ2, C1, and C2 were extracted as 124.6 ms, 35.2 s, 0.44,
and 0.197, respectively. For the PPF index, τ2 is longer than τ1,
showing good short-term memory like a biological synapse. As
Δt increases, the extent of the PPF enhancement is plotted from
125.5% to 113.1%, which is mainly due to the photogenerated car-
riers excited by the previous optical pulse being gradually emitting
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FIG. 3. (a) Schematic of the pair-pulse facilitation (PPF) induced by residual calcium ions (Ca2+) in a nervous system. (b) Typical PPF response of the AlGaN/GaN MOS-HEMT
with adjacent applied pulses. (c) The amplitude of PPF as a function of the double-pulse interval between two sequential pulses.

FIG. 4. (a) EPSC at various VGS with VDS of 0.5 V. (b) Gate voltage dependence of the EPSC amplitude with an optical spike duration of 100 ms. (c) Amplitude of EPSC with
various VGS at fixed VDS of 0.5 V. (d) EPSC at various VDS with VGS of −8 V. (e) Drain voltage dependence of the EPSC amplitude at the optical spike duration of 100 ms. (f)
EPSC at different drain voltage VDS with a fixed VGS of −8 V.
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FIG. 5. (a) Short-term memory (STM) and long-term memory (LTM) of the device with multiple optical spikes. (b) The peak current response as a function of interval time with
fixed ten pulses.

from traps and recombining over time. The process mimics the phe-
nomenon that is observed in the biological nervous system, where
residual Ca2+ from the previous stimulus promotes the transmission
of transmitters, leading to pulse facilitation. In additional, temper-
ature would also influence the decay time of the synaptic device,
as shown in Fig. S4 (see in the supplementary material), which is
mainly due to the accelerated thermal excitation of the carriers from
the traps.41

In Fig. 4(a), the EPSC response was determined on synaptic
plasticity with varying VGS from −7 to −10 V by a step of 0.5 V
(VDS = 0.5 V, interval time of 100 ms). The EPSC response at −10 V
is slightly higher than its corresponding value at −7 V. Figure 4(b)
shows the relationship between the EPSC and gate voltage. With
more negative gate voltage, the amplitude of the EPSC is larger, sug-
gesting that the EPSC can be effectively modulated by gate bias. At
an interval time of 100 ms, the EPSC peak current value increases
from 618 nA at −7 V to 768 nA at −10 V. In Fig. 4(c), the EPSC val-
ues are shown to be elevated with increasing duration for each gate
voltages. At a fixed VGS of −9 V, the EPSC amplitude with duration
time of 1000 s was measured to be 1704 nA, larger than the corre-
sponding value of 693 nA with duration time of 100 s, due to the
strengthening of optical excitation.

In Fig. 4(d), the drain tunability of synaptic plasticity was
shown by varying the drain bias from 0.5 to 3.5 V. As the VDS pulse
amplitude rises, the EPSC amplitude exhibits a pronounced increase.
This phenomenon means the recombination of photogenerated car-
riers and the carriers trapping process can be influenced by the drain
voltage bias. As the VDS increases from 0.5 to 3.5 V, as shown in
Fig. 4(e), the EPSC enhances from 673 to 1459 nA, representing a
notable improvement of over 117%. EPSC as a function of drain volt-
age is more evident than the case of varying gate voltages, indicating
that VDS plays a dominant role in determining the EPSC response
compared to VGS. As the duration of the drain bias increases, the
EPSC amplitude gradually increases and then reaches the satura-
tion value shown in Fig. 4(f), indicating that the amount of optically
stimulated carrier is also approaching saturation. Therefore, the
gate/drain bias can be used to modulate the EPSC response, which

adds a new dimension to fine-tune the response of optoelectronic
synaptic AlGaN/GaN MOS-HEMT.

In Fig. 5(a), the potentiation characteristics were monitored by
varying the number of optical pulses from 3 pulses to 30 pulses.
When a series of three optical pulses were applied, the synaptic
device shows short-term persistence with a relatively low EPSC
value. As the number of optical pulses increases, the amplitude of
the final EPSC increases, indicating that the connection of a synapse
in a biological neural network has also been consolidated. The final
EPSC amplitude is 1117.5 nA with three pulses, whereas the EPSC
amplitude increases to 1887.4 nA with 30 pulses. The apparent cur-
rent increase in the EPSC amplitude suggests that the STM has
transferred to LTM and the stronger synaptic weight modulation,
which emulates the synapse functions.5,36 Information that would
be quickly forgotten in the STM can be memorized as a long-term
feature stored in the synaptic device through repeated stimula-
tion/learning, which could be regulated by the learning interval time.
As shown in Fig. 5(b), the effect of interval time on synaptic plastic-
ity can also be demonstrated after ten optical pulses. When the pulse
interval time increases from 100 to 1050 ms, the final EPSC after ten
optical pulses decreases from 1578 to 1422 nA. Thus, an increase in
the optical pulse interval time leads to weakened LTM, indicating
that transition efficiency from STM to LTM could be well modu-
lated by the interval time. In addition, this mechanism is consistent
with the human brain’s behavior for memory: when the learn-
ing intervals increase, the efficiency of memory will significantly
reduce.

During the AlGaN/GaN synaptic device operation, the device is
applied with a VGS lower than VTH to electrically turn off the device.
When the device is triggered by a single optical pulse, the photo-
generated carriers are generated, which leads to a transient increase
in the drain current. In addition, the carriers will be trapped at a
shallow trap in the 2DEG channel or GaN buffer layer, correspond-
ing to the STM. When the duration or the number of optical pulse
is increased, the 2DEG channel of the AlGaN/GaN heterojunction
accumulated a large amount of photogenerated electrons, leading
to an increase in the EPSC amplitude. Then, the electrons could
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FIG. 6. (a) The 28 × 28 images in MNIST were compressed into 28 × 14 by optical pulses [00], [01], [10], and [11], where the pulse duration time is 300 ms and interval time
is 250 ms. (b) The structure of the CNN model for verifying the preprocessing ability. (c) Recognition accuracy with training epochs.

TABLE I. Comparison of optoelectronic synaptic devices.

Device Structure Energy consumption Application demonstration References

AlGaN/GaN MOS-HEMT 3-Terminal 34.2 pJ Data preprocess and pattern recognition This work
VO-FET 3-Terminal 4.8 nJa N/A 45

Silicon-nanocrystal transistors 2-Terminal 140 pJ Pattern recognition 46
(Al, Ga)N NWs 2-Terminal 2.6 μJ Pattern recognition 47

InAs NW 2-Terminal 35 nJ N/A 48
ZTO/MgO memristor 2-Terminal 2.4 μJa Pattern recognition 49

Au/Cs2AgBiBr6/Au memristor 2-Terminal 0.4 nJ Pattern recognition 50
2D Layered BiOI memristor 2-Terminal 220 nJa Pattern recognition 51

aThe energy consumption is estimated using Eq. (1).

tunnel into Al2O3 dielectric and AlGaN barrier layers and be trapped
in deep-level traps.42,43 These trapped carriers take a longer time to
release, corresponding to the LTM process of the device.

Processing the enormous amount of visual information
received by the human eyes in real time represents an important
daily routine task for our brains. Inspired by a recent study that
human brain perceives the average of the preceding period at a
specific moment,44 AlGaN/GaN synaptic devices were applied for
preprocessing by optical pulse response. In this study, Modified
National Institute of Standards and Technology (MNIST) validated
the preprocessing ability of AlGaN/GaN-based synapses. As shown
in Fig. 6(a), the 28 × 28 images in the MNIST were binarized using
a threshold of 127 gray-level, so the images consisted of “0” and
“1,” as the signal “1” means a single light pulse and “0” means no
light pulse. Each 2-bit code represents a specific current value, for
example, [11] means two consecutive light pulses and [00] means no
light pulse. Then, the binary images were compressed into 28 × 14,

where every two adjacent pixels in each row were encoded into
one current value using the 2-bit signal of the AlGaN/GaN synap-
tic device. To verify the image reprocessing ability, a convolution
neural network (CNN) model was utilized, which consisted of two
convolution layers, two Max-pool layers, and three full-connection
layers, as shown in Fig. 6(b). The synapse devices act as a simulated
28 × 14 sensors array and then transmit the image information to
the CNN as an input layer. Figure 6(c) shows the recognition accu-
racy of the testing dataset (10 000 testing images), which is about
94% after ten training epochs (60 000 training images), indicating
that the data preprocessed by the AlGaN/GaN synapse remains the
main features. This approach simplifies the processing of visual
input, allowing for more efficient cognitive functioning. In addi-
tion, halving the data volume results in accelerated processing and
reduced energy consumption, demonstrating that the AlGaN/GaN
synapse device has huge potential for efficient information
preprocessing.
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Table I presents the comprehensive comparison with the opti-
cally stimulated synaptic transistors, nanowires, and memristors.
The device in this study exhibits a much lower energy consumption,
which is close to that of a biological synaptic event.52 Meanwhile,
the synaptic device in this study shows great data preprocessing and
pattern recognition ability. It is also worth noting that COMS com-
patibility of AlGaN/GaN MOS-HEMT on the Si substrate in this
study can be further fulfilled by shrinking the gate length53 and
employing an Au-free metal scheme54 in the future investigation,
which is beneficial for large-scale neuromorphic computing.

IV. CONCLUSION
In this work, an optoelectronic synaptic transistor based on

the AlGaN/GaN MOS-HEMT has been successfully demonstrated
and investigated. Using 405 nm light pulse as stimulation, this opto-
electronic synapse has successfully achieved EPSC, PPF, STM, and
LTM. Within a single EPSC event, the energy consumption is only
34.2 pJ and the high SNR achieves 15.03 dB, which is beneficial for
brain-inspired neuromorphic computing. Similar to the PPF effect
of biological synapses, the PPF index of the AlGaN/GaN synaptic
device decreases with increasing interval time. For memory con-
solidation, the STM could be converted to LTM by increasing the
number of optical spikes, showing a great potential for repetitive
learning and memory. The gate/drain voltage enabled tunability of
the EPSC has been well documented, adding a new dimension to
fine-tune the synaptic weight. Moreover, a preprocessing system
implemented by the synaptic device and enabled by the CNN algo-
rithm was constructed for preprocessing input data, achieving a high
recognition rate of over 94% after only ten epochs. In summary,
this study demonstrates a low energy consumption AlGaN/GaN
MOS-HEMT synaptic device with highly adaptive tunability, which
shows great potential for neuromorphic computing applications and
massive data preprocessing applications.

SUPPLEMENTARY MATERIAL

See the supplementary material for more device properties,
including writing-erasing characteristics, device-to-device/cycle-to-
cycle uniformity, and decay time as a function of temperature.
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