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A B S T R A C T   

In the human brain, attention plays a crucial role in encoding information into memory. Therefore, focused 
attention during encoding enhances the likelihood of information being effectively encoded and stored in 
memory. This phenomenon is creatively replicated in our proposed synaptic devices, which regulate the 
forgetting curves by manipulating the gate voltage. Thus, the proposed transistor devices separate long-term 
memory from long-lasting memory. TiO2-based synaptic transistors are used to replicate brain functions, from 
vision processing to memory retention. The photosensitive nature of TiO2 enables the utilization of both photo- 
and electric stimuli. The electrical properties of the synaptic devices induced by photostimulation replicate the 
human-vision process, while those elicited by electric stimulation simulate memory-retention capabilities. By 
applying a shallow trap with a short lifetime, light stimulation can be utilized to mimic the effects of short-term 
memory. A deep trap with a long lifetime is employed in electrical memory to replicate the phenomena asso
ciated with persisting memory. A simulation of the MNIST recognition of an artificial neural network constructed 
with the measured synaptic characteristics exhibit an accuracy rate of 92.96%, which indicates that the proposed 
device can be successfully incorporated into neuromorphic devices.   

1. Introduction 

The fourth industrial revolution has placed heightened emphasis on 
the pivotal role of information technology. Efficient tools that facilitate 
machine learning in the field of artificial intelligence (AI) have become a 
pressing need for information transfer. Research on energy-efficient 
devices is actively underway to focus on the human brain’s ability to 
simultaneously process large amounts of information with low power 
consumption of ~20 W [1]. Therefore, neuromorphic devices such as 
synaptic transistors have been intensively examined owing to their high 
efficiency, that is, high speed and low power consumption while pro
cessing a large amount of information [2–4]. To understand and 
implement the information-processing mechanisms of the brain via en
gineering approaches, the use of diverse materials and structures is 
being actively explored [5–8]. This ongoing research endeavor seeks to 
emulate and implement the information-processing techniques of the 
brain in a tangible manner. Among the five senses used by humans to 

gather information, vision is the most significant because of the ability of 
the visual system to accurately discern the position and shape of an 
object [9–11]. Information from all five senses is stored in the brain, and 
the timespan in which memories are maintained can be converted from a 
few seconds (short-term memory; STM) to a few hours (long-term 
memory; LTM) or to years or a lifetime (long-lasting memory; LLM) 
(Fig. 1a) [12]. 

The memory-transition process from STM to LLM is typically referred 
to as consolidation [7,13,14]. This crucial mechanism can be triggered 
through the repetition of specific information to enhance its retention or 
through the influence of attention and emotional arousal, which can 
modulate the retention time of memories [13,15–18]. Various types of 
devices, such as memristors and memtransistors, can implement these 
consolidation processes via the application of a repetitive stimulus 
[19–23]. Memtransistors are three-terminal devices based on program
mable device conductance. Recently, phase-change, ferroelectric, and 
charge-trap devices have been proposed for synaptic transistors, which 
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are categorized based on the control methods of the channel conduc
tance [23–27]. Among these, synaptic devices that use charge traps are 
particularly attractive owing to their remarkable advantages of gradual 
strengthening and weakening of the resistance [20,28–34]. 

The conversion of memory from short-to long-term storage depends 
on the transition of memory through distinct levels of attentional in
tensity [1,16]. This transition is governed by the central executive, 
which is a key cognitive control system that regulates the consolidation 
of memories [35–37]. Moreover, in this study, a sophisticated 
memory-classification mechanism is utilized to categorize persistent 
memories into two subtypes: LTM and LLM. 

A systematic analysis of the sequential stages of visual-stimulation 
recognition and memory consolidation within the brain has provided 
valuable insights to facilitate the development of more realistic brain- 
inspired synaptic devices. Fig. 1b shows an anatomical picture of the 
eye and brain, wherein the route through which visual information 
travels and the location where it is stored in the brain is highlighted. 
Visual information is conveyed to the occipital lobe, which is the rear
most region of the brain, via visual cells. This culminates in the acti
vation of the visual cortex [38–40]. The information transmitted to the 
visual cortex remains active for 100–300 ms; this serves as a variant of 
visual STM, which is typically referred to as iconic memory [41,42]. 
However, depending on the intensity of attention, information can be 
transmitted to the hippocampus, thereby resulting in the encoding of 
input data as persisting memory, which can be classified as either LTM 
or LLM. Data characterized by a low attention intensity (low attention 
force, LAF) are retained as LTM, and data associated with a high 
attention intensity (high attention force, HAF) are consolidated as LLM. 
The latter is subsequently transported to the neocortex and persists for at 
least 24 h [7,12,43,44]. 

In this study, the creation of a synthetic visual nerve-brain system is 
proposed by configuring a photoelectric synaptic device. This concept is 
founded on the premise that visual stimuli can be associated with optical 
stimulation, while attention intensity can be correlated with electrical 
stimulation. This assertion is substantiated by the inherent nature of 
visual perception, which encompasses the intricate procedure of com
prehending the information derived from the interaction of light with 
objects, encompassing phenomena such as transmission, reflection, and 
emission. Furthermore, considering that neural communication relies on 
the propagation of electrical signals, it is reasonable to assume that 
attention modulation may similarly be influenced by electrical signaling 
in a real human brain. More specifically, current devices implement the 
processes of human visual recognition and memory consolidation by 

utilizing combinatorial waveforms that encompass both electrical and 
optical stimuli. A channel layer with excellent photoreactivity in terms 
of photostimulus reception and a charge-trap layer with exceptional 
analog-like conductance modulation in terms of electric-stimulus 
reception are introduced as basic building blocks for device configura
tion. In this study, the photoreactive channel layer is composed of 
anatase-TiO2 films, while oxygen-excessive SiOx films are used for both 
the charge-supplying and dielectric layers between the channel and gate 
layers. Charge-trap sites were formed at the interfaces between the 
channel and charge-supplying layers [45–48]. The implementation of 
our innovative structural idea, the charge-supplying layer, facilitates the 
manifestation of electrical synaptic characteristics. Moreover, Al2O3 
films are employed to improve device stability. 

Depending on the type of stimulus (electrical or light) used during 
the learning process, the device induces changes in memory retention by 
utilizing both deep and shallow trap sites located at the interface be
tween TiO2 and the dielectric stack. Synaptic devices exhibit STM 
behavior when exposed solely to photonic pulses. The lifetime of the 
trapped charge and its corresponding conductivity level were modulated 
via electrical stimulation, which indicates the consolidation character
istics induced by electrical signals. Furthermore, the categorization of 
long-term visual memory into LTM and LLM, which are subject to 
modulation by the brain’s attention level, was executed by correlating 
the fluctuations in the reading-gate voltage with variations in the 
attention level. Consequently, we developed devices with controllable 
lifetimes that can convert memory from an ultrashort-to an ultralong- 
term state, as depicted in Fig. 1c. To predict the device performance 
when configuring AI semiconductors based on these characteristics, an 
artificial neural network (ANN) reflecting the long-term potentiation 
(LTP) and long-term depression (LTD) characteristics of the proposed 
device was constructed. Consequently, the Modified National Institute 
of Standards and Technology (MNIST) handwriting-recognition simu
lation was performed and a high recognition rate was achieved. These 
findings represent a significant milestone in the field of neuromorphic 
systems, demonstrating substantial progress and opening up new op
portunities for further investigation and development. 

2. Materials and methods 

2.1. Fabrication of the synaptic devices 

The overall fabrication process was compatible with commercial 
complementary metal-oxide-semiconductor foundry processes and was 

Fig. 1. (a) Human-memory strength of short-term memory (STM), long-term memory (LTM), and long-lasting memory (LLM) over time in the logarithmic scale. (b) 
Schematics of the anatomical human brain for visual process and memorization for STM (top) and persisting memory (bottom). (c) Schematics of photoelectric 
synaptic devices corresponding to Fig. 1b. 
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performed in a Class 10–1000 clean room. First, 5 and 20 nm thick gate 
dielectric stacks of AlO2 and SiOx and 30-nm thick TiO2 films were 
deposited in situ on the heavily doped n-type silicon wafer via plasma- 
enhanced atomic layer deposition (PEALD) at 300 ◦C using trimethyla
luminium, diisoprophylamino silane, and titanium isopropoxide pre
cursors, respectively. A highly uniform thickness was obtained from 
PEALD [49]. Subsequently, the TiO2 channel layer was patterned via 
complementary photolithography using the contact aligner exposure at 
the i-line. The channel length and width were 30 and 40 μm, respec
tively. Thereafter, a 300-nm thick Al source and drain electrodes were 
deposited via e-beam evaporation at a low pressure of 10− 7 Torr. 

2.2. Analysis of the characteristics of the device 

The electrical characteristics of the TVL devices were measured using 
a parameter analyzer (4200, Keithley, USA). Cross-sectional analysis 
and elemental mapping were performed using field-emission trans
mission electron microscopy (Tecnai G2 F30 Super-Twin, FEI, USA) at 
an accelerating voltage of 300 kV. 

2.3. Neural network simulations 

A crossbar array of artificial neurons was simulated using CrossSim 
code [50,51]. An ANN comprising three layers and one hidden layer was 
constructed with dimensions of 784 × 300 × 10. Consequently, super
vised learning was performed using 60,000 MNIST images. The learning 
accuracy was evaluated after 10,000 training images and monitored 
throughout the simulations. 

3. Results and discussions 

The cross-sectional structure of the proposed synaptic device with 
dielectric stacks is shown in Fig. 2a. The n++ Si wafers were used as the 

bottom gate. Additionally, the 5 nm Al2O3 and 20 nm SiOx films were 
sequentially fabricated as stacks of dielectric layers. X-ray photoelectron 
spectroscopy (XPS) analysis revealed that the SiOx films were non
stoichiometric (Si-deficient) layers with extra holes (Table S1) [52]. 
They were chosen as the dielectric layer adjacent to the channel that 
formed deep traps at the interface between the 30 nm thick TiO2 channel 
and dielectric layers. These deep traps enhanced the lifetime of the trap 
charges in response to electrical signals. The dimensions of the channel 
layer were 30 μm in length and 40 μm in width. Al was used as the 
patterned source and drain electrodes on the upper part of the device 
structure. The Al2O3 dielectric layers were employed as the bottom 
dielectric to enhance the electrical stability and mobility of the tran
sistors (Fig. S1). The device performance was confirmed to improve with 
a decrease in the subthreshold swing (SS). The thresholed voltage is 
defined by the following equation: 

Vth =Vfb + 2∅B +

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
qNa2εs2∅B

√

Cox
, (1)  

where Vfb denotes the flat band voltage, ∅B signifies the Schottky barrier 
height, Na indicates the density of the carrier in the channel layers, q 
indicates the electron charge, and εs symbolizes the permittivity of 
channel layers. As evident from the equation, factors influencing the 
threshold voltage involve oxide capacitance values and the flat band 
voltage. By employing the Al2O3 thin film, an additional capacitance is 
introduced in series with the gate dielectric, thereby affecting the overall 
capacitance. Furthermore, it also impacts the voltage required to flatten 
the band structure. Consequently, these effects contribute to the 
enhancement of threshold characteristics and lead to a shift in the 
threshold voltage of the devices. 

As shown in Fig. 2b, the transfer curves were obtained under three 
different conditions: without any external stimuli, with a 10 V electrical 
pulse for 1 s (E (1 s)), and with a 365 nm optical pulse for 1 s (P (1s)). 
This was achieved by sweeping the back-gate voltage (VG) in both the 

Fig. 2. (a) Schematic of the device structure. (b) Variation in transfer curves with and without photonic and electrical signals with a 365 nm wavelength (P365nm) and 
10 V bias voltage (E10V), respectively. Both stimulations were applied as a single pulse of 1 s. (c) Time-dependent decay of stimuli-induced changes in threshold 
voltage (ΔVTH) at intervals of 30 s; each P(1 s) and E(1 s) signal (red and blue lines, respectively), sequential signals of E and P (E→P, black), and simultaneous signal 
(E + P, green). ΔVTH = VTH (t) – VTH (0). (Fitting duration time: τ(P) = 24.0 s, τ(E) = 77.3 s, τ(E→P) = 71.5 s, τ(E + P) = 56.3 s). Schematic energy-band diagrams of 
synaptic devices with trap sites between the semiconductor channel layer/dielectric stacks (d) after positive electrical pulses and (e) after photonic pulses. Schematic 
structures depicting charge trap and detrap mechanisms of synaptic devices; (f) after positive electric pulses and (g) after photonic pulses. 

J. Kim et al.                                                                                                                                                                                                                                      



Materials Today Advances 20 (2023) 100421

4

forward and reverse directions. A forward sweep was conducted from – 
6 to 4 V, followed by a reverse sweep from 4 to – 6 V. The experiment 
was performed to measure the effect of external stimuli on the transfer 
curves and observe any changes in the device behavior in response to 
these stimuli. Prior to the introduction of any external stimuli, the 
transfer curve exhibited a slight counterclockwise hysteresis, which 
indicated the presence of interfacial traps with small amounts of charge 
induced by the charge-supplying layer (SiOx). In more intricate detail, 
when a positive VG is applied, free holes migrate toward interface trap 
sites located between the insulator and the channel layers, influencing 
the transfer curve. This influence is further amplified due to the prox
imity of the charge to the interface. During a reverse VG sweep, the 
transfer curves undergo a negative shift due to the charge trapped near 
the interface, ultimately leading to the manifestation of counterclock
wise hysteresis. 

The on/off ratio and SS of the device were approximately 106 and 
0.3 V/decade, respectively, which indicates its superior performance 
[53–56]. The initial threshold voltage (VTH) of the devices without any 
stimulus was 0.65 V. Moreover, the devices exhibit high uniformity; 
thus, they may be driven with consistently low power: VTH, SS, on/off 
ratio, and mobility measured at a total of 20 points dispersed on a 6-inch 
Si wafer have average values of 0.68 V, 0.32 V/degree, 3.8 × 106, and 
2.16 cm2V–1S− 1, respectively (Supporting Information, Fig. S2), and the 
standard deviations of VTH and SS were only 0.20 V and 0.07, respec
tively. The films employed in this device were also utilized in our earlier 
publications [48], where it was elucidated that the SiOx possesses a 
structural deficiency in metal and incorporates impurity H-atoms. These 
impurities lead to the creation of unbound positive charges within the 
oxide layer, ensuring charge neutrality. Consequently, these unbound 
positive charges, or free holes, become trapped when a positive gate 
voltage pulse is administered. 

Moreover, the findings presented in Fig. 2b indicate that the synaptic 
device under investigation responds to both electrical and optical 
stimuli. Notably, the hysteresis loops for the 1 s electrical and optical 
pulses exhibit opposing directions. The application of an electrical signal 
elicits a counterclockwise hysteresis response in the device owing to the 
influence of the trapped charges of holes induced by the charge- 
supplying layer. Conversely, under optical irradiation, the photo
generated holes from the TiO2 channel layer become trapped, which 
induces a clockwise hysteresis [45,57]. The result is consistent with the 
fact that holes are preferentially trapped at the interface between the 
channel and insulator as an effect of the stimulus; however, the layer 
supplying the trapped charge is different depending on whether the 
applied stimulus is electrical or optical. 

Consequently, the synaptic device exhibited switchable STM and 
persisting-memory characteristics. The device selectively utilized light 
and electrical stimulation to achieve these functions. The retention time 
of the trapped charges was extracted to evaluate the memory span of the 
device under various conditions (Fig. 2c). The time required for the 
transfer curve to gradually recover its original state varied depending on 
the lifetime of the trapped charges. The retention time is defined as the 
change in VTH (Fig. S3) for a given stimulation with respect to VTH (0) 
over time (ΔVTH = VTH (t) – VTH (0)). Here, four different stimulation 
conditions were considered: single photonic signal (P), single electric 
signal (E), photonic signal after electric signal (E →P), and simultaneous 
photonic and electrical signal (E + P). Each signal was applied with a 
pulse width of 1 s and ΔVTH was measured with a 30 s timestep. For the P 
signal, the lifetime of ΔVTH was approximately 24 s, and in the case of 
the E, E→P, and E + P signals, the lifetime of ΔVTH was more than twice 
as long, at 56 s, or longer. The former corresponds to STM, and the latter 
to persisting memory, which comprises LTM and LLM. The results 
indicate that the overall lifetime of the synaptic devices is longer under 
electrical stimulation than under light stimulation. 

Fig. 2d and e illustrate the mechanism of the synaptic device with 
schematic energy-band diagrams of the cases with electrical and optical 
signals, respectively. The conduction bands of TiO2 and the n++-Si 

substrates were at 4.20 and 4.05 eV, respectively (Fig. S4a). In the 
context of the optical synaptic effect, the application of light-pulse 
irradiation onto the TiO2 thin film generated electron-hole pairs, 
which acted as carriers and contributed to an increase in the current. As 
described previously, charge traps occurred at the interface between 
SiOx and TiO2. As shown in Fig. 2f and g, the nature of the signal (i.e., 
electrical or optical), the layer involved in the charge supply to the trap 
sites (i.e., channel or dielectric), and the depth of the trap were inter
dependent factors. These observations further suggest that the lifetime 
of the trapped charges differed depending on the nature of the signal. 
Specifically, electrical signals were associated with deep traps, while 
optical signals were associated with relatively shallow traps. Note that 
the TiO2 material is photoreactive; thus, optically induced electron-hole 
pairs were generated within the TiO2 channel layer, and holes were 
preferentially captured by relatively shallow traps. However, when an 
electrical pulse (positive) was applied, holes in the charge-supplying 
layer moved toward the channel layer and were captured by relatively 
deep traps. This suggests that the proposed synaptic devices exhibited 
distinct lifetimes under light and electrical stimulation, which resulted 
in the manifestation of STM and LTM modes, respectively. In particular, 
the electrical signal turned on the LTM mode to considerably extend the 
memory lifetime compared to that of the STM mode, which utilized only 
optical signals. 

We further investigated the effect of the read gate voltage (Vread) on 
the forgetting curve following electrical stimulation. Here, no other 
stimuli were applied other than an external stimulus of 10 V, and it was 
observed that the current variation influenced Vread representing the 
attention intensity. Fig. 3a shows the transfer curve after applying an 
electrical signal for 1 s (E (1 s)). The VTH of the device after E(1 s) was – 
2.32 V. Fig. 3b illustrates the temporal evolution of the drain current 
with respect to Vread following the application of a gate bias pulse. When 
Vread became larger than VTH in the negative direction after E(1 s), the 
drain current decreased substantially in response to the LTM behavior. 
However, when the absolute value of Vread was lower than VTH after E(1 
s), that is, – 2.32 V, the drain current experienced a gradual decrease. 
Based on this phenomenon, it can be concluded that the transition from 
LTM to LLM occurred in the vicinity of VTH after E10V. Henceforth, VTH 
following a voltage pulse of E10V(1 s) is defined as the boundary voltage 
(VB) of the reference voltage that distinguishes LTM and LLM. Attention- 
based segmentation of the LTM-to-LLM transition has critical implica
tions for the association between attention and memory as well as the 
potential to regulate and modify cognitive processes. This approach 
revealed significant memory-related characteristics of the current state 
and demonstrated that the transition from LTM to LLM can be deliber
ately induced in the proposed device via the appropriate selection of the 
Vread value. Moreover, the timescale of memory retention in the LLM 
was effectively regulated by utilizing a relatively low read voltage 
within the range of – 0.5 V to – 2.0 V, which was at a more positive 
potential than VB. Therefore, we propose that the magnitude of Vread is 
analogous to the force of attention in the brain, as demonstrated in 
Fig. 1b, where HAF and LAF represent high and low levels of brain ac
tivity, respectively. In the case of LLM, we observed the current varia
tions over time for a period of one day. As shown in Fig. S4b, the current 
trends based on the read voltage remain consistent even after 24 h, 
indicating that the degree of memory persistence remains proportional 
to the magnitude of attention as time elapses. On the other hand, for the 
read voltage of – 2 V, which holds the highest absolute value among the 
LLMs, it is evident that the current experiences a rapid decrease after 24 
h. The gate current of the device is also presented in Fig. S4c, displaying 
a value of approximately 50 pA, which is sufficiently low to be ignored. 
This emphasizes that our innovative device can regulate STM and per
sisting memory while precisely modulating the transition from LTM to 
LLM by closely mimicking brain functionality. 

The operating mechanisms of the LTM and LLM modes are illustrated 
with schematic energy-band diagrams in Fig. 3c–g. The initial OFF state 
without stimulation is shown in Fig. 3c. When E10V(1 s) was applied, 

J. Kim et al.                                                                                                                                                                                                                                      



Materials Today Advances 20 (2023) 100421

5

holes from SiOx were preferentially captured in the deep trap sites at the 
interface between the SiOx and TiO2 layers, as shown in Fig. 3d. 
Consequently, the accumulation of trapped holes induced an increase in 
the number of electrons within the channel layer, and a transient 
elevation occurred in the drain current. For the cases wherein Vread was 
more positive than VB, a substantial quantity of electrons accumulated 
within the channel, as shown in Fig. 3e and f. Electrons present in the 
channel were captured at the interface trap sites between the channel 
and dielectric layers in competition with holes supplied from the 
dielectric layer, which reduced the channel current. This contradicts the 
trapping of only holes, which tended to increase the channel current. 
Shallow traps predominantly captured electrons, which subsequently 
underwent rapid detrapping. This process increased the current over 
time, which reached a steady state. This trend was different from that of 
the negative VG, in which the drain current steadily decreased over time. 
Following a significant duration of time, captured holes with longer 
lifetimes began to detrap, which decreased the drain current. Upon the 
application of Vread beyond VB in the positive direction, the number of 
accumulated electrons increased, and the drain current exhibited a 
strong tendency to increase over time. This phenomenon is relevant in 
the emulation of the semi-permanent lengthening of visual memory. 
Conversely, for a Vread that was more negative than VB, the population of 
electrons in the channel layers was significantly lower, resulting in the 
failure to form channels immediately after the stimulation ceased. As 
illustrated in Fig. 3g, this led to a steady decline in the drain current, 

which conformed to the behavior of the LTM and was attributable to the 
continuous detrapping of holes over time. 

The LTP and LTD behaviors representing multiple states were also 
confirmed, and the results are shown in Fig. 4a. The current behavior 
when a 10 V electrical stimulation with a pulse width of 50 ms and 
period of 1 s was continuously applied was confirmed from the time- 
versus-current curve. An electrical signal of − 5 V with a time span of 
50 ms was applied periodically at 1 s intervals under light illumination 
to confirm the LTD behavior. After the first 256 pulses, a tendency to
ward saturation was observed at 512 pulses. To achieve a gradual 
decrease, we only applied an electrical signal after stopping light irra
diation to induce LTD. The Gmax/Gmin ratio of the LTP and LTD behav
iors exceeds 60. To examine the impact of nonlinearity, the correlation 
between LTP and LTD current values and the pulse count (P) is expressed 
using the subsequent equation [58]: 

I = I0 ∗
(
1 − eγP)+ Imin, (2)  

where Imin and P representing the minimum current and number of 
pulses, respectively, are directly extracted from the experimental data. 
The nonlinear behavior of synaptic weigth updates is determined by the 
parameter γ, with better linearity achieved as it approaches zero. Upon 
fitting the obtained graphs, the linearity factor of both LTP and LTD 
were calculated to have average values of 1.63 × 10− 4 and – 0.04, 
respectively. In particular, 1000 analog states were obtained during the 

Fig. 3. (a) Transfer curve of the device after an E10V pulse of 1 s. The downward triangles represent the read voltages of the gate (Vread). (b) The variation of the drain 
current over time at different read voltages. Schematic of the energy levels and trap sites of the back gate/dielectric stack/channel structure; (c) without any pulses, 
(d) during the gate bias pulse (E10V), and after the gate bias pulse read at (e) Vread = – 0.5 V, (f) Vread = – 2 V, and (g) Vread = – 3 V. 
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potential process, which exhibits excellent linear learning curves, as 
shown in Fig. 4a. 

As depicted in Fig. 4b, a pulse amplitude of 10 V, and a duration of 
80 ms, consecutive sets of 20, 40, 60, 80, and 100 pulses were applied 
and monitored over time to investigate the persistence of current states 
in +synaptic transistors based on the number of pulses. The results 
reveal that the distinctiveness of each state remains well-preserved even 
after 3200 s. Note that the current does not maintain its value directly 
after consecutive pulses. However, an enhancement can be anticipated 
by adjusting the read voltage to a lower value in accordance with con
ditions of the LLM. 

Fig. 4c shows the cyclic endurance of 30 analog switches through 
128 discrete current states by applying the conditions given on the left. 
The conditions for LTP pulses included a period of 0.6 s, pulse width of 
80 ms, and an amplitude of 12 V. Conversely, LTD pulses were charac
terized by a period of 0.6 s, pulse width of 50 ms, and an amplitude of 3 
V. Vread was − 2 V, and a total of 128 pulses were administered to 
demonstrate the phenomenon. As shown in Fig. 4d, a three-layer arti
ficial neural network containing one input of 784 neurons, one hidden 
layer of 300 neurons, and one output layer of 10 neurons corresponding 
to 0–9 was constructed. The supervised learning of handwritten digits 
within the MNIST database was performed using CrossSim [50,51]. The 
recognition accuracy of the synaptic devices was 92.89% based on the 
high linearity and low cycle-to-cycle variation of the proposed device. 

The corresponding pixel-projected synaptic weights are also presented. 
In Table S2 in the supporting information, the characteristic parameters 
of recent charge trapping synaptic devices are listed. Evidently, the 
synaptic transistors based on TiO2 exhibit an excellent dynamic range, 
endurance reliability, and good accuracy even under numerous pulses. 
This strongly suggests that the proposed device can potentially be used 
as a key component in AI semiconductors, with controllable retention 
times under multiple stimuli. 

4. Conclusion 

We developed a novel TiO2-based transistor that effectively 
mimicked brain functions, specifically transitioning vision to memory 
retention. More specifically, we reported synaptic devices based on 
dielectric stacks that could respond to both electrical and optical stimuli 
owing to the excellent controllability of deep and shallow defects. The 
devices used a 30 nm thick TiO2 channel layer and dielectric layers 
comprising 5 nm of Al2O3 films and 20 nm of non-stoichiometric (Si- 
deficient) SiOx films. Moreover, deep traps were formed at the interface 
between the channel and dielectric stack layers. 

Furthermore, the synaptic device exhibited switchable STM and 
persisting memory characteristics, which were achieved by selectively 
utilizing light and electrical stimulation. The retention time of the 
trapped charges was evaluated under various conditions, which 

Fig. 4. (a) Variation of current according to the number of LTP and LTD pulses for each of the 1024 pulses. (b) Variation of current observed over a 3200 s duration 
with varying pulse counts. Sequential pulse trains comprising 20, 40, 60, 80, and 100 pulses were administered, employing a read voltage of – 3 V, pulse amplitude of 
13 V, and an 80 ms duration. (c) Current versus number of pulses for a cycle consisting 128 pulses of LTP and LTD. LTP-pulse conditions over the period, pulse width, 
and amplitude are 0.6 s, 80 ms, and 12 V, respectively, and LTD pulse conditions are 0.6 s, 50 ms, and 3 V, respectively. Vread is − 2 V. The normalized current curve 
versus the number pulses for 30 continuous cycles of LTP and LTD. (d) Schematic of the artificial neural network with one hidden layer (left), recognition accuracy of 
the MNIST digits with respect to the number of training epochs for ideal numerical and experimentally-obtained potentiation/depression curves (center), and pixel 
weights after the 40th epoch (right). 
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revealed that the overall lifetime of the synaptic device was longer under 
electrical stimulation than under light stimulation. Additionally, mem
ory consolidation could be modulated based on the attentional demand, 
thereby providing potential applications for the development of brain- 
inspired devices. Correlating the Vread value with attention intensity in 
the brain enabled us to regulate the memory-retention time by 
combining electrical stimuli with light stimulation. The device was 
highly effective in recognizing MNIST images, as evidenced by its 
remarkable recognition accuracy of 93%. These devices have the po
tential to be used for applications such as pattern recognition, associa
tive memory, and learning. These findings provide valuable insights for 
the development of innovative synaptic devices that can lead to the 
development of more efficient and intelligent computing systems. 

CRediT Author Statement 

Jieun Kim: Data curation, Investigation, Writing – original draft 
preparation, Visualization, Validation, Jung Wook Lim: Conceptualiza
tion, Methodology, Investigation, Writing-Reviewing and Editing, Su
pervision, Han Seul Kim: Methodology, Data curation, Software, 
Visualization, Investigation, Writing-Reviewing and Editing 

Declaration of competing interest 

The authors declare that they have no known competing financial 
interests or personal relationships that could have appeared to influence 
the work reported in this paper. 

Data availability 

Data will be made available on request. 

Acknowledgment 

Funding: This work was supported by the Electronics and Telecom
munications Research Institute (ETRI) grant funded by the Korean 
government [23ZB1140][23YB1410]. 

Appendix A. Supplementary data 

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.mtadv.2023.100421. 

References 

[1] N. Cowan, Attention and Memory: an Integrated Framework, Oxford University 
Press, Oxford, 1998. 

[2] M. Lee, W. Lee, S. Choi, J.W. Jo, J. Kim, S.K. Park, Y.H. Kim, Brain-inspired 
photonic neuromorphic devices using photodynamic amorphous oxide 
semiconductors and their persistent photoconductivity, Adv. Mater. 29 (2017), 
1700951, https://doi.org/10.1002/adma.201700951. 

[3] M.T. Sharbati, Y. Du, J. Torres, N.D. Ardolino, M. Yun, F. Xiong, Low-power, 
electrochemically tunable graphene synapses for neuromorphic computing, Adv. 
Mater. 30 (2018), 1802353, https://doi.org/10.1002/adma.201802353. 

[4] X. Zhuge, J. Wang, F. Zhuge, Photonic synapses for ultrahigh-speed neuromorphic 
computing, Phys. Status Solidi Rapid Res. Lett. 13 (2019), 1900082, https://doi. 
org/10.1002/pssr.201900082. 

[5] S. Hong, S.H. Choi, J. Park, H. Yoo, J.Y. Oh, E. Hwang, D.H. Yoon, S. Kim, Sensory 
adaptation and neuromorphic phototransistors based on CsPb(Br1- xIx)3 
perovskite and MoS2 hybrid structure, ACS Nano 14 (2020) 9796–9806, https:// 
doi.org/10.1021/acsnano.0c01689. 

[6] D. Xie, L. Wei, M. Xie, L. Jiang, J. Yang, J. He, J. Jiang, Photoelectric visual 
adaptation based on 0D-CsPbBr3-quantum-dots/2D-MoS2 mixed-dimensional 
heterojunction transistor, Adv. Funct. Mater. 31 (2021), 2010655, https://doi.org/ 
10.1002/adfm.202010655. 

[7] E. Santini, T.N. Huynh, E. Klann, Mechanisms of translation control underlying 
long-lasting synaptic plasticity and the consolidation of long-term memory, Prog. 
Mol. Biol. Transl. Sci. 122 (2014) 131–167, https://doi.org/10.1016/b978-0-12- 
420170-5.00005-2. 

[8] M. Zeng, Y. He, C. Zhang, Q. Wan, Neuromorphic devices for bionic sensing and 
perception, Front. Neurosci. 15 (2021), 690950. https://doi.org/10.3389/fnins.20 
21.690950. 

[9] F. Hutmacher, Why is there so much more research on vision than on any other 
sensory modality? Front. Psychol. 10 (2019) 2246, https://doi.org/10.3389/ 
fpsyg.2019.02246. 

[10] C. Spence, Senses of place: architectural design for the multisensory mind, Cogn. 
Res. Princ. Implic. 5 (2020) 46, https://doi.org/10.1186/s41235-020-00243-4. 

[11] A. Gallace, M.K. Ngo, J. Sulaitis, C. Spence, Multisensory presence in virtual 
reality: possibilities & limitations, in: Multiple Sensorial Media Advances and 
Applications: New Developments in MulSeMedia, IGI Global, Pennsylvania, 2012, 
pp. 1–38. 

[12] G.A. Radvansky, A.C. Doolen, K.A. Pettijohn, M. Ritchey, A new look at memory 
retention and forgetting, J. Exp. Psychol. Learn. Mem. Cogn. 48 (2022) 1698–1723, 
https://doi.org/10.1037/xlm0001110. 

[13] K.S. LaBar, R. Cabeza, Cognitive neuroscience of emotional memory, Nat. Rev. 
Neurosci. 7 (2006) 54–64, https://doi.org/10.1038/nrn1825. 

[14] J.L. McGaugh, Consolidating memories, Annu. Rev. Psychol. 66 (2015) 1–24, 
https://doi.org/10.1146/annurev-psych-010814-014954. 

[15] M.M. Chun, N.B. Turk-Browne, Interactions between attention and memory, Curr. 
Opin. Neurobiol. 17 (2007) 177–184, https://doi.org/10.1016/j. 
conb.2007.03.005. 

[16] N.M. Long, B.A. Kuhl, M.M. Chun, Memory and attention, in: Stevens’ Handbook of 
Experimental Psychology and Cognitive Neuroscience, John Wiley & Sons, 
Hoboken, 2018, pp. 1–37. 

[17] E. Camina, F. Guell, The neuroanatomical, neurophysiological and psychological 
basis of memory: current models and their origins, Front. Pharmacol. 8 (2017) 438, 
https://doi.org/10.3389/fphar.2017.00438. 

[18] M. Matsukura, S.J. Luck, S.P. Vecera, Attention effects during visual short-term 
memory maintenance: protection or prioritization, percept, Psychophys 69 (2007) 
1422–1434. https://doi.org/10.3758/bf03192957. 

[19] H. Bian, Y.Y. Goh, Y. Liu, H. Ling, L. Xie, X. Liu, Stimuli-responsive memristive 
materials for artificial synapses and neuromorphic computing, Adv. Mater. 33 
(2021), e2006469, https://doi.org/10.1002/adma.202006469. 

[20] M.M. Mburu, K.T. Lu, N.L. Prine, A.N. Au-Duong, W.H. Chiang, X. Gu, Y.C. Chiu, 
Conjugated polymer-wrapped single-wall carbon nanotubes for high-mobility 
photonic/electrical fully modulated synaptic transistor, Adv. Mater. Technol. 7 
(2022), 2101506, https://doi.org/10.1002/admt.202101506. 

[21] T.R. Lin, L.C. Shih, P.J. Cheng, K.T. Chen, J.S. Chen, Violet-light stimulated 
synaptic and learning functions in a zinc–tin oxide photoelectric transistor for 
neuromorphic computation, RSC Adv. 10 (2020) 42682–42687, https://doi.org/ 
10.1039/D0RA08777G. 

[22] V.K. Sangwan, H.S. Lee, H. Bergeron, I. Balla, M.E. Beck, K.S. Chen, M.C. Hersam, 
Multi-terminal memtransistors from polycrystalline monolayer molybdenum 
disulfide, Nature 554 (2018) 500–504, https://doi.org/10.1038/nature25747. 

[23] S. Oh, Z. Huang, Y. Shi, D. Kuzum, The impact of resistance drift of phase change 
memory (PCM) synaptic devices on artificial neural network performance, IEEE 
Electron. Device Lett. 40 (2019) 1325–1328, https://doi.org/10.1109/ 
LED.2019.2925832. 

[24] S.X. Go, T.H. Lee, S.R. Elliott, N. Bajalovic, D.K. Loke, A fast, low-energy multi- 
state phase-change artificial synapse based on uniform partial-state transitions, 
Apl. Mater. 9 (2021), 091103, https://doi.org/10.1063/5.0056656. 

[25] Y. Chen, Y. Zhou, F. Zhuge, B. Tian, M. Yan, Y. Li, Y. He, X.S. Miao, 
Graphene–ferroelectric transistors as complementary synapses for supervised 
learning in spiking neural network, NPJ 2D Mater. Appl. 3 (2019) 31, https://doi. 
org/10.1038/s41699-019-0114-6. 

[26] R. Bhunia, J.S. Kim, H. Kweon, D.J. Kim, D.H. Kim, Ferroelectric ion gel-modulated 
long-term plasticity in organic synaptic transistors, Mater. Chem. Phys. 287 (2022), 
126227, https://doi.org/10.1016/j.matchemphys.2022.126227. 

[27] J. Zhao, F. Liu, Q. Huang, T. Lu, M. Xi, L. Peng, X. Liang, Charge trap-based carbon 
nanotube transistor for synaptic function mimicking, Nano Res. 14 (2021) 
4258–4263, https://doi.org/10.1007/s12274-021-3611-9. 

[28] K. Beom, P. Yang, D. Park, H.J. Kim, H.H. Lee, C.J. Kang, T.S. Yoon, Single- and 
double-gate synaptic transistor with TaOx gate insulator and IGZO channel layer, 
Nanotechnology 30 (2019), 025203, https://doi.org/10.1088/1361-6528/aae8d2. 

[29] T. Ahmed, M. Tahir, M.X. Low, Y. Ren, S.A. Tawfik, E.L. Mayes, S. Kuriakose, 
S. Nawaz, M.J. Spencer, H. Chen, M. Bhaskaran, Fully light-controlled memory and 
neuromorphic computation in layered black phosphorus, Adv. Mater. 33 (2021), 
e2004207, https://doi.org/10.1002/adma.202004207. 

[30] Q. Wu, J. Wang, J. Cao, C. Lu, G. Yang, X. Shi, X. Chuai, Y. Gong, Y. Su, Y. Zhao, 
N. Lu, Photoelectric plasticity in oxide thin film transistors with tunable synaptic 
functions, Adv. Electron. Mater. 4 (2018), 1800556, https://doi.org/10.1002/ 
aelm.201800556. 

[31] H. Shao, Y. Li, W. Yang, X. He, L. Wang, J. Fu, M. Fu, H. Ling, P. Gkoupidenis, 
F. Yan, A reconfigurable optoelectronic synaptic transistor with stable Zr-CsPbI3 
nanocrystals for visuomorphic computing, Adv. Mater. 35 (12) (2023), https://doi. 
org/10.1002/adma.202208497. 

[32] Q. Liu, L. Yin, C. Zhao, Z. Wu, J. Wang, X. Yu, Z. Wang, W. Wei, Y. Liu, I. Z 
Mitrovic, All-in-one metal-oxide heterojunction artificial synapses for visual 
sensory and neuromorphic computing systems, Nano Energy 97 (2022), https:// 
doi.org/10.1016/j.nanoen.2022.107171. 

[33] F.-S. Yang, M. Li, M.-P. Lee, I.-Y. Ho, J.-Y. Chen, H. Ling, Y. Li, J.-K. Chang, S.- 
H. Yang, Y.-M. Chang, Oxidation-boosted charge trapping in ultra-sensitive van der 
Waals materials for artificial synaptic features, Nat. Commun. 11 (1) (2020), 
https://doi.org/10.1038/s41467-020-16766-9. 

[34] J. Park, Y. Jang, J. Lee, S. An, J. Mok, S.-Y. Lee, Synaptic transistor based on in-Ga- 
Zn-O channel and trap layers with highly linear conductance modulation for 
neuromorphic computing, Adv. Electron. Mater. 9 (6) (2023), https://doi.org/ 
10.1002/aelm.202201306. 

J. Kim et al.                                                                                                                                                                                                                                      

https://doi.org/10.1016/j.mtadv.2023.100421
https://doi.org/10.1016/j.mtadv.2023.100421
http://refhub.elsevier.com/S2590-0498(23)00081-4/sref1
http://refhub.elsevier.com/S2590-0498(23)00081-4/sref1
https://doi.org/10.1002/adma.201700951
https://doi.org/10.1002/adma.201802353
https://doi.org/10.1002/pssr.201900082
https://doi.org/10.1002/pssr.201900082
https://doi.org/10.1021/acsnano.0c01689
https://doi.org/10.1021/acsnano.0c01689
https://doi.org/10.1002/adfm.202010655
https://doi.org/10.1002/adfm.202010655
https://doi.org/10.1016/b978-0-12-420170-5.00005-2
https://doi.org/10.1016/b978-0-12-420170-5.00005-2
https://doi.org/10.3389/fnins.2021.690950
https://doi.org/10.3389/fnins.2021.690950
https://doi.org/10.3389/fpsyg.2019.02246
https://doi.org/10.3389/fpsyg.2019.02246
https://doi.org/10.1186/s41235-020-00243-4
http://refhub.elsevier.com/S2590-0498(23)00081-4/sref11
http://refhub.elsevier.com/S2590-0498(23)00081-4/sref11
http://refhub.elsevier.com/S2590-0498(23)00081-4/sref11
http://refhub.elsevier.com/S2590-0498(23)00081-4/sref11
https://doi.org/10.1037/xlm0001110
https://doi.org/10.1038/nrn1825
https://doi.org/10.1146/annurev-psych-010814-014954
https://doi.org/10.1016/j.conb.2007.03.005
https://doi.org/10.1016/j.conb.2007.03.005
http://refhub.elsevier.com/S2590-0498(23)00081-4/sref16
http://refhub.elsevier.com/S2590-0498(23)00081-4/sref16
http://refhub.elsevier.com/S2590-0498(23)00081-4/sref16
https://doi.org/10.3389/fphar.2017.00438
https://doi.org/10.3758/bf03192957
https://doi.org/10.1002/adma.202006469
https://doi.org/10.1002/admt.202101506
https://doi.org/10.1039/D0RA08777G
https://doi.org/10.1039/D0RA08777G
https://doi.org/10.1038/nature25747
https://doi.org/10.1109/LED.2019.2925832
https://doi.org/10.1109/LED.2019.2925832
https://doi.org/10.1063/5.0056656
https://doi.org/10.1038/s41699-019-0114-6
https://doi.org/10.1038/s41699-019-0114-6
https://doi.org/10.1016/j.matchemphys.2022.126227
https://doi.org/10.1007/s12274-021-3611-9
https://doi.org/10.1088/1361-6528/aae8d2
https://doi.org/10.1002/adma.202004207
https://doi.org/10.1002/aelm.201800556
https://doi.org/10.1002/aelm.201800556
https://doi.org/10.1002/adma.202208497
https://doi.org/10.1002/adma.202208497
https://doi.org/10.1016/j.nanoen.2022.107171
https://doi.org/10.1016/j.nanoen.2022.107171
https://doi.org/10.1038/s41467-020-16766-9
https://doi.org/10.1002/aelm.202201306
https://doi.org/10.1002/aelm.202201306


Materials Today Advances 20 (2023) 100421

8

[35] S.-H. Wang, R.L. Redondo, R.G. Morris, Relevance of synaptic tagging and capture 
to the persistence of long-term potentiation and everyday spatial memory, Proc. 
Natl. Acad. Sci. USA 107 (2010) 19537–19542, https://doi.org/10.1073/ 
pnas.1008638107. 

[36] M.B. Merkow, J.F. Burke, M.J. Kahana, The human hippocampus contributes to 
both the recollection and familiarity components of recognition memory, Proc. 
Natl. Acad. Sci. USA 112 (2015) 14378–14383, https://doi.org/10.1073/ 
pnas.1513145112. 

[37] B.-M. Gu, K. Kukreja, W.H. Meck, Oscillation patterns of local field potentials in the 
dorsal striatum and sensorimotor cortex during the encoding, maintenance, and 
decision stages for the ordinal comparison of sub- and supra-second signal 
durations, Neurobiol. Learn. Mem. 153 (2018) 79–91, https://doi.org/10.1016/j. 
nlm.2018.05.003. 

[38] T. Givón, The visual information-processing system as an evolutionary precursor of 
human, in: The Evolution of Language Out of Pre-language, John Benjamins 
Publishing Company, Amsterdam, 2002, pp. 3–50. 

[39] M. Coltheart, Visual information-processing, in: P.C. Dodwell (Ed.), New Horizons 
in Psychology, Penguin, London, 1972. 

[40] R. Caminiti, S. Ferraina, P.B. Johnson, The sources of visual information to the 
primate frontal lobe: a novel role for the superior parietal lobule, Cerebr. Cortex 6 
(1996) 319–328, https://doi.org/10.1093/cercor/6.3.319. 

[41] G.M. Long, Iconic memory: a review and critique of the study of short-term visual 
storage, Psychol. Bull. 88 (1980) 785–820. https://psycnet.apa.org/doi/10.1037 
/0033-2909.88.3.785. 

[42] A.O. Dick, Conic memory and its relation to perceptual processing and other 
memory mechanisms, Percept, Psychophys 16 (1974) 575–596, https://doi.org/ 
10.3758/BF03198590. 

[43] M. Moscovitch, R. Cabeza, G. Winocur, L. Nadel, Episodic memory and beyond: the 
Hippocampus and neocortex in transformation, Annu. Rev. Psychol. 67 (2016) 
105–134, https://doi.org/10.1146/annurev-psych-113011-143733. 

[44] K.S. Graham, J.R. Hodges, Differentiating the roles of the hippocampus complex 
and the neocortex in long-term memory storage: evidence from the study of 
semantic dementia and Alzheimer’s disease, Neuropsychology 11 (1997) 77–80. 
https://psycnet.apa.org/doi/10.1037/0894-4105.11.1.77. 

[45] T. Kim, J.W. Lim, S.H. Lee, J. Na, J. Jeong, K.H. Jung, G. Kim, S.J. Yun, Visible 
light-erasable oxide FET-based nonvolatile memory operated with a deep trap 
interface, ACS Appl. Mater. Interfaces 10 (2018) 26405–26412, https://doi.org/ 
10.1021/acsami.8b07749. 

[46] J.W. Lim, T. Kim, J. Kim, S.J. Yun, K.H. Jung, M.A. Park, Photoinduced synaptic 
behavior of InxTiyO thin film transistors, Adv. Electron. Mater. 7 (2021), 2001049, 
https://doi.org/10.1002/aelm.202001049. 

[47] J.W. Lim, M.A. Park, J. Kim, Photo-synaptic oxide transistors with Al2O3/SiOx 
stacked gate dielectric exhibiting 1024 conduction states with good linearity, Adv. 
Electron. Mater. 8 (2022), 2200494, https://doi.org/10.1002/aelm.202200494. 

[48] J. Kim, J.W. Lim, J. Lee, Characteristics of PEALD–hafnium dioxide films and their 
application to gate insulator stacks of photosynaptic transistors, Adv. Electron. 
Mater. 8 (2022), 2101061, https://doi.org/10.1002/aelm.202101061. 

[49] J.W. Lim, S.J. Yun, J.H. Lee, Low-temperature growth of SiO2 films by plasma- 
enhanced atomic layer deposition, ETRI J. 27 (2005) 118–121, https://doi.org/ 
10.4218/etrij.05.0204.0023. 

[50] S.J. Plimpton, S. Agarwal, R. Schiek, I. Richter, CrossSim (No. CrossSim; 
005389MLTPL00), Sandia National Lab.(SNL-NM), Albuquerque, NM (United 
States), 2016. 

[51] C.S. Yang, D.S. Shang, N. Liu, E.J. Fuller, S. Agrawal, A.A. Talin, Y.Q. Li, B.G. Shen, 
Y. Sun, All-solid-state synaptic transistor with ultralow conductance for 
neuromorphic computing, Adv. Funct. Mater. 28 (2018), 1804170, https://doi. 
org/10.1002/adfm.201804170. 

[52] J.W. Lim, S.J. Heo, M.A. Park, J. Kim, Synaptic transistors exhibiting gate-pulse- 
driven, metal-semiconductor transition of conduction, Materials 14 (2021) 7508, 
https://doi.org/10.3390/ma14247508. 

[53] Q. Yang, H. Yang, D. Lv, R. Yu, E. Li, L. He, Q. Chen, H. Chen, T. Guo, High- 
performance organic synaptic transistors with an ultrathin active layer for 
neuromorphic computing, ACS Appl. Mater. Interfaces 13 (2021) 8672–8681, 
https://doi.org/10.1021/acsami.0c22271. 

[54] M. Zhang, Z. Fan, X. Jiang, H. Zhu, L. Chen, Y. Xia, J. Yin, X. Liu, Q. Sun, D. 
W. Zhang, MoS2-based Charge-trapping synaptic device with electrical and optical 
modulated conductance, Nanophotonics 9 (2020) 2475–2486, https://doi.org/ 
10.1515/nanoph-2019-0548. 

[55] K. Liao, P. Lei, M. Tu, S. Luo, T. Jiang, W. Jie, J. Hao, Memristor based on inorganic 
and organic two-dimensional materials: mechanisms, performance, and synaptic 
applications, ACS Appl. Mater. Interfaces 13 (2021) 32606–32623, https://doi. 
org/10.1021/acsami.1c07665. 

[56] R.S. Zucker, W.G. Regehr, Short-term synaptic plasticity, Annu. Rev. Physiol. 64 
(2002) 355–405, https://doi.org/10.1146/annurev.physiol.64.092501.114547. 

[57] T. Kim, J.W. Lim, S.J. Yun, S.H. Lee, K.H. Jung, Multi-level memory: multi-level 
long-term memory resembling human memory based on photosensitive field-effect 
transistors with stable interfacial deep traps, Adv. Electron. Mater. 6 (2020), 
1901044, https://doi.org/10.1002/aelm.202070018. 

[58] P.-Y. Chen, B. Lin, I.-T. Wang, T.-H. Hou, J. Ye, S. Vrudhula, J.-s. Seo, Y. Cao, S. Yu, 
Mitigating effects of non-ideal synaptic device characteristics for on-chip learning, 
in: 2015 IEEE, ACM International Conference on Computer-Aided Design (ICCAD), 
2015, https://doi.org/10.1109/ICCAD.2015.7372570. 

J. Kim et al.                                                                                                                                                                                                                                      

https://doi.org/10.1073/pnas.1008638107
https://doi.org/10.1073/pnas.1008638107
https://doi.org/10.1073/pnas.1513145112
https://doi.org/10.1073/pnas.1513145112
https://doi.org/10.1016/j.nlm.2018.05.003
https://doi.org/10.1016/j.nlm.2018.05.003
http://refhub.elsevier.com/S2590-0498(23)00081-4/sref38
http://refhub.elsevier.com/S2590-0498(23)00081-4/sref38
http://refhub.elsevier.com/S2590-0498(23)00081-4/sref38
http://refhub.elsevier.com/S2590-0498(23)00081-4/sref39
http://refhub.elsevier.com/S2590-0498(23)00081-4/sref39
https://doi.org/10.1093/cercor/6.3.319
https://psycnet.apa.org/doi/10.1037/0033-2909.88.3.785
https://psycnet.apa.org/doi/10.1037/0033-2909.88.3.785
https://doi.org/10.3758/BF03198590
https://doi.org/10.3758/BF03198590
https://doi.org/10.1146/annurev-psych-113011-143733
https://psycnet.apa.org/doi/10.1037/0894-4105.11.1.77
https://doi.org/10.1021/acsami.8b07749
https://doi.org/10.1021/acsami.8b07749
https://doi.org/10.1002/aelm.202001049
https://doi.org/10.1002/aelm.202200494
https://doi.org/10.1002/aelm.202101061
https://doi.org/10.4218/etrij.05.0204.0023
https://doi.org/10.4218/etrij.05.0204.0023
http://refhub.elsevier.com/S2590-0498(23)00081-4/sref50
http://refhub.elsevier.com/S2590-0498(23)00081-4/sref50
http://refhub.elsevier.com/S2590-0498(23)00081-4/sref50
https://doi.org/10.1002/adfm.201804170
https://doi.org/10.1002/adfm.201804170
https://doi.org/10.3390/ma14247508
https://doi.org/10.1021/acsami.0c22271
https://doi.org/10.1515/nanoph-2019-0548
https://doi.org/10.1515/nanoph-2019-0548
https://doi.org/10.1021/acsami.1c07665
https://doi.org/10.1021/acsami.1c07665
https://doi.org/10.1146/annurev.physiol.64.092501.114547
https://doi.org/10.1002/aelm.202070018
https://doi.org/10.1109/ICCAD.2015.7372570

	Synaptic devices for simulating brain processes in visual-information perception to persisting memory through attention mec ...
	1 Introduction
	2 Materials and methods
	2.1 Fabrication of the synaptic devices
	2.2 Analysis of the characteristics of the device
	2.3 Neural network simulations

	3 Results and discussions
	4 Conclusion
	CRediT Author Statement
	Declaration of competing interest
	Data availability
	Acknowledgment
	Appendix A Supplementary data
	References


