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High-performance artificial synaptic devices are key building blocks for developing efficient neuromor-
phic computing systems. However, the nonlinear and asymmetric weight update of existing devices has
restricted their practical applications. Herein, floating gate nonvolatile memory (FG NVM) devices based
on two-dimensional (2D) HfS2/h-BN/FG-graphene heterostructures have been designed and investigated
as multifunctional NVM and artificial optoelectronic synapses. Benefiting from the FG architecture, the
HfS2-based NVM device exhibits competitive performances, such as a high on:off ratio (> 105), large
memory window (approximately 100 V), excellent charge retention ability (> 104 s), and robust durability
(> 103 cycles). Notably, the artificial optoelectronic synapses based on HfS2 FG NVM show an impres-
sive large conductance margin and good linearity, owing to the ultrahigh photoresponsivity and photogain
of HfS2. The energy consumption of per spike in our artificial synapse is as low as 0.2 pJ. Therefore,
a high recognition accuracy up to 91.5% of the artificial neural network on the basis of our HfS2-based
optoelectronic synapse at the system level has been achieved, which is superior to other reported 2D arti-
ficial optoelectronic synapses. This work paves the way forward for all 2D material-based memory for
developing efficient optogenetics-inspired neuromorphic computing in brain-inspired intelligent systems.

DOI: 10.1103/PhysRevApplied.16.044049

I. INTRODUCTION

In recent years, the significant advancement in the era
of artificial intelligence (AI) has been achieved, leading
to urgent demands on high computing speed and power
efficiency [1–4]. In contrast to conventional von Neu-
mann architectures, neuromorphic computing replicates
the structure of the human brain, exhibiting strong fault tol-
erance, high efficiency, and low energy consumption [5–8].
The huge number of neurons (approximately equal to 1011)
and synapses (approximately equal to 1015) in the human
brain conduct the information transmission and process-
ing [9]. In particular, the synapses can process and store
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information simultaneously by modulating the strength of
connection between neurons [10]. It is indispensable to
emulate a synapse with an artificial device for the develop-
ment of neuromorphic computing systems. Therefore, the
implementation of synaptic devices with high on:off ratio,
good data retention, and linear weight update is imperative.

Nowadays, various types of devices have been con-
sidered for implementation of highly efficient artificial
synapses, such as memristors [11–15], phase change mem-
ory (PCM) [16,17], ferroelectric transistors (FeFETs) [18–
21], field-effect transistors (FETs) [22–33], and electro-
chemical transistors [34]. Thereinto, three-terminal tran-
sistors exhibit a more linear and symmetric electrostatic
gate control, due to the better controllability from the
third terminal (gate) [33]. From the perspective of scaling
down the limitation of silicon-based materials, atomically
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thin two-dimensional (2D) van der Waals materials have
attracted considerable interest as promising candidates for
the next generation of nanoelectronics due to their superior
electrical and optical properties [35–39]. 2D van der Waals
semiconductors have been employed as channel materi-
als to implement transistor-based synapses [5,6,23,36,37].
For example, InSe-based multibit memory exhibits large
hysteresis in the transfer characteristics, high on:off ratio
(approximately equal to 105), reliable switching operation
and stable retention (104 s), which can be used to mimic
the synaptic functionality by electrical stimuli [5]. In most
of the reported synaptic devices, electrical stimuli was
applied to modulate the synaptic weight. However, the pro-
cessing speed of those electrical stimulated devices can be
restricted, due to the bandwidth-connection-density trade-
off and the considered interconnection issues [3]. More-
over, the nonlinear weight update of electronic synaptic
devices is one of the major obstacles in realizing complex
artificial neural networks (ANNs).

In contrast to electrical stimulus, light or photons may
offer high bandwidth, ultrafast signal transmission, low
power computation, and low cross-talk, resulting in the
enhancement of the computational speed [7]. Therefore,
many ingenious studies of optoelectronic memories and
synaptic devices have demonstrated their capability in
the applications of image preprocessing and neuromorphic
visual systems [40–46]. Recently, fully optical-modulation
synapses based on naturally oxidized black phospho-
rus (BP), and pyrenyl graphdiyne/graphene/PbS quantum
dot have been investigated [3,41,43,44]. However, the
uncontrollability of native oxidation for BP film brings
about excessive device-to-device variation. Both the fully
optical-modulation synapses mentioned above suffer from
low dynamic range of weight (on:off ratio < 4), resulting
in low recognition accuracy of ANNs in practical appli-
cations. In previous reports, the highest recognition accu-
racy of ANN based on artificial optoelectronic synapse
is 90.8%, due to the low dynamic range of weight and
large nonlinearity value [3,31,44]. Thus, the optoelectronic
synapses with high on:off ratio, good data retention, and
linear weight update toward neural networks are highly
desired.

In this work, an artificial optoelectronic synapse is pro-
posed on the basis of an all 2D few-layer HfS2/h-BN/FG-
graphene device. The HfS2-based nonvolatile memory
(NVM) shows a high on:off ratio (> 105), large memory
window (approximately 100 V), excellent charge retention
ability (> 104 s), and durability (> 103 cycles). Further-
more, the basic synaptic behaviors, such as pair-pulse
facilitation (PPF), short-term plasticity (STP), long-term
potentiation (LTP), and long-term depression (LTD) have
been well mimicked by our HfS2-based NVM device.
Memory and learning behaviors are also achieved under
various 405-nm UV light-pulse conditions. Specifically,
the synaptic device exhibits better linearity and higher

Gmax : Gmin ratio in conductance-update characteristics by
using light and voltage pulses than that observed under
voltage-pulsing mode, owing to the ultrahigh photorespon-
sivity and photogain of HfS2. The energy consumption per
spike in our artificial synapse can be as low as 0.2 pJ.
The maximum recognition accuracy for Modified National
Institute of Standards and Technology (MNIST) digit pat-
terns can be achieved up to 91.5% based on LTP and
LTD curves under the light and voltage pulses. These
comprehensive results pave the way for building synaptic
device using all 2D materials for efficient neuromorphic
computing.

II. EXPERIMENTAL METHODS

A. Fabrication of devices

To fabricate the floating gate NVM device consisting
of HfS2, h-BN, and graphene, standard dry-transfer meth-
ods are employed. HfS2, h-BN, and graphene flakes with
the thickness of a few nanometers are mechanically exfo-
liated from bulk crystals by polydimethysiloxane (PDMS)
and vertically stacked on SiO2(300 nm)/Si substrate. After
transfer, to enhance the connection of the heterostruc-
ture, the sample is annealed at 100 ◦C for 15 min in
an argon atmosphere. Standard electron-beam lithography
(EBL) techniques are used to pattern the source and drain
electrodes on a fabricated heterojunction. The thermal
evaporator is used to deposit Ni/Au (2/50 nm) electrodes.

B. Characterizations

The surface topology and thickness of the exfoliated
HfS2, h-BN, and graphene flakes are characterized on
a commercial AFM system (Dimension Icon, Bruker)
in ScanAsyst modes. Raman spectra are measured by
using a confocal micro-Raman spectrometer (Jobin-Yvon
LabRAM HR Evolution, Horiba) with a 532-nm excitation
laser line and 100x-0.9 N.A. objective lens.

The electronic and optoelectronic measurements of the
floating gate NVM device are performed using a Keithley
4200-SCS semiconductor parameter analyzer. The devices
are tested in a Janis ST-500 cryogenic probe station in a
high-vacuum condition (10−6 Torr) at room temperature.
All tests are carried out under dark conditions, exposure to
the target light sources only. For the optoelectronic mea-
surements, commercial light-emitting diodes with wave-
lengths of 405 and 637 nm (Thorlabs, Inc.) are employed.
Light pulses with tunable power intensity, width, and fre-
quency are controlled by a laser diode and temperature
controller (ITC4001, Thorlabs, Inc.). The gate electrical
pulses are generated by a semiconductor pulse generator
unit (SPGU) module.
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C. Artificial neural network simulation

The image classification simulations of handwritten dig-
its from the MINST dataset for an ANN are carried out
using the PyTorch platform. The simulator containing a
three-layer (one hidden layer) perceptron neural network
with 784 input, 150 hidden, and 10 output neurons is used
to perform the recognition tasks. The training of the net-
work is executed using 60 000 images from the MINST
dataset. The recognition accuracy of the ANN is tested
using 10 000 separate images.

III. RESULTS AND DISCUSSION

Figures 1(a) and 1(b) show the representative 3D
schematic and optical micrograph of the vertically stacked
FET device, which consists of HfS2/h-BN/graphene lay-
ers. In this structure, multilayer HfS2 serves as the channel,
high-quality h-BN and graphene acts as the carrier tunnel-
ing layer and trapping layer, respectively. The degenerately
doped silicon (P++ Si) works as the control gate. A back-
gate voltage VCG is applied to tune the memory charac-
teristics. As monitored from the atomic force microscopy
(AFM) images and the line profiles shown in Fig. 1(c) and
Fig. S1 within the Supplemental Material [47], the aver-
age thicknesses of graphene, h-BN, and HfS2 flakes are
about 10, 20, and 20 nm, respectively. The crystalline qual-
ities of the transferred HfS2, h-BN, and graphene flakes are
confirmed by Raman spectroscopy [Fig. 1(d)]. From the
Raman spectrum of HfS2 flakes, two typical peaks appear
at 259 and 337 cm−1, which are attributed to Eg (in-plane)
and A1g (out-of-plane) modes, respectively [35]. The char-
acteristic peak of h-BN is observed at 1365 cm−1, corre-
sponding to the in-plane (E2g) vibration mode. The Raman
spectrum of graphene shows distinct G and 2D peaks at
1581 and 2722 cm−1, respectively [48]. Details of the fab-
rication process for the HfS2-based NVM device can be
found in Sec. II. Figure 1(e) presents the output character-
istic curves of a HfS2-based NVM device for different VCG
values from −60 to +60 V. The linear relation between
IDS and VDS represents decent electrical contacts with low
contact resistance. Good Ohmic contact between the HfS2
channel and source and drain electrodes is confirmed by
a linear IDS-VDS curve under various VCG bias. The typ-
ical transfer characteristics obtained from ±80 V VCG
sweep under different VDS values are shown in Fig. 1(f).
The HfS2-based FET exhibits electron doping (n-type) in
HfS2. The electron mobility of around 8–15 cm2V−1s−1

and on:off current ratio over 105 are observed from the rep-
resentative transfer curves. The effect of the channel length
on the electrical transport properties for MoS2-based FET
has been investigated by Liu et al. [49]. For long channel
devices, the on:off current ratio and field-effect mobility
would remain nearly constant. In this work, the channel
length is fixed at 5 μm. Thus, our HfS2-based devices
are long channel devices. Acting as the carrier tunneling

layer in this floating-gate structure, the thickness of h-BN
would affect the tunnel current of devices. The tunnel cur-
rent relies exponentially on the thickness of h-BN, down
to a monolayer thickness. The detailed investigation about
the tunneling behavior dependence on thickness of h-BN
can be found elsewhere [50].

The large memory window observed in Fig. 1(f) benefits
from the floating-gate structure of the FET. For compar-
ison, the representative transfer characteristic curves of
HfS2/SiO2 FET structure are illustrated in Fig. 2(a). The
hysteresis windows between the forward and reverse trans-
fer characteristic curves are pretty small, as compared to
the HfS2/h-BN/FG-graphene FET structure. Additionally,
the representative output and transfer characteristic curves
of HfS2/h-BN/SiO2 FET structure are also measured and
plotted in Fig. S2 within the Supplemental Material [47].
The weak electrical hysteresis windows may originate
from the charge-transfer effect, owing to the interface traps
between HfS2 and dielectric layer or defects induced dur-
ing the fabrication process [5]. The multiple transfer char-
acteristic curves of the HfS2-based FG NVM device under
different VCG sweeping ranges are illustrated in Fig. 2(b).
The gate leakage currents IGS are simultaneously plot-
ted as a reference in Fig. 2(b). The memory hysteresis
window (�Vth) can be enlarged with the increase of the
VCG max. Figure 2(c) presents the positive-, negative-shifted
Vth with respect to each VCG sweep range. The extracted
hysteresis window (�Vth) as a function of the VCG max are
presented in Fig. 2(d). The positive correlation between
�Vth and the applied VCG max indicates that the charge-
trapping behaviors of the HfS2-based NVM device can
be effectively modulated by control gate voltage. Further-
more, the amount of charge trapped in the FG-graphene
layer as a function of VCG can be estimated from the capac-
itance model of n = �VthCox/q, where q and Cox are the
elementary charge, and the capacitance between a float-
ing gate and the control gate, respectively. The inset in
Fig. 2(d) shows the calculated stored carrier density as a
function of VCG. For �Vth = 98 V under a sweep gate
bias of VCG = ±80 V, the trapped carrier density is esti-
mated to be around 7.5 × 1012 cm−2. Due to the charging
and emission process induced by interface traps between
graphene and SiO2, there may be a little bit of error in the
calculated value of n in FG graphene. These results above
indicate the good transport properties of our HfS2-based
NVM. Moreover, the device-to-device variation has a crit-
ical role in practical application. Therefore, we provide
the transfer characteristic curves and threshold voltage
shift of five representative HfS2-based NVM devices as
shown in Fig. S3 within the Supplemental Material [47].
The observed transport hysteresis loops are consistently
enlarged, suggesting the boosted electrical hysteresis phe-
nomena. The average value of the transport hysteresis loop
approached 95 V, which indicates that our devices have a
good repeatability.
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(a) (b) (c)

(d) (e) (f)

graphene

FIG. 1. (a) Three-dimensional (3D) schematic diagram of the device composing of HfS2/h-BN/graphene layers. (b) Optical image
of the stacked HfS2, h-BN, and graphene flakes in FET with electrical contacts on Si/SiO2 substrate. (c) Surface topography AFM
image of the HfS2 flake. Note that the thickness of the blue line is obtained from the line profile. (d) Raman spectra of the HfS2,
h-BN, graphene, and HfS2/h-BN/graphene stacked heterostructure. (e) Output characteristic curves showing good Ohmic behavior for
different control gate bias. (f) Transfer characteristic curves with a large memory window at different VDS from 0.02 to 1 V.

In general, satisfactory data retention and endurance
characteristics are critical to the practical application of
a NVM device. To verify the memory retention charac-
teristics, VCG pulses (±80 V, 1 s) are applied. The high
erase-to-program ratio over 105 under a VDS value of
0.1 V is achieved and well maintained in the time range
of 104 s as shown in Fig. 2(e), which can satisfy the
needs of 10-year data retention in industry standard. The
cycle endurance of the NVM is assessed by executing
a sequential program (+80 V, 0.5 s) and erase (−80 V,
0.5 s) pulses. The program and erase states at zero gate
voltage are observed and plotted as a function of cycle
number as illustrated in Fig. 2(f). The erase-to-program
ratio is still stable without noticeable degradation after
103 cycles, demonstrating the good reproducibility of the
NVM device. To better understand the operation mech-
anism, i.e., the charge trapping and releasing process of
the HfS2/h-BN/FG-graphene FET, the band diagrams and
the corresponding operation states under the modulation
of VCG are shown in Figs. 2(g)–2(i). The initial pristine
state of our FET without gate pulse is shown in Fig. 2(g).
The work function (φ) of HfS2, graphene, and P++ Si is
5.27, 4.6, and 5 eV, respectively. The electronic affinity

(χ ) of h-BN and SiO2 is 2 and 0.9 eV, respectively. Figure
2(h) defines the program operation by applying a positive
VCG. During the programming process, the electrons in
the HfS2 channel tunnel into FG graphene through h-BN
based on the Fowler-Nordheim tunneling mechanism [6].
The electrons trapped in FG graphene can partially screen
the electric field from control gate, leading to a positive
shift of Vth, which correspondingly results in a lower cur-
rent level, defined as the program state. While in the erase
operation under a negative VCG as shown in Fig. 2(i), the
trapped electrons in FG graphene tunnel back to the HfS2
channel. During the erasing process, the screen effect of
electrons weakens, bringing about a negative shift of Vth
and the high current level in the HfS2 channel. The higher
current level than the initial state is defined as the erase
state. The trapping and releasing capabilities of electrons
contribute to the responsible memory window of the device
under different voltages.

Inspired by the the maintenance capability of the trapped
charge carriers of the HfS2-based NVM device discussed
above, the basic synaptic performances of HfS2 flash
memory as an artificial synaptic device have been investi-
gated. Synapses play a vital role in information exchange,
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

FIG. 2. (a) Transfer characteristics of the HfS2 device on silicon. The hysteresis windows between the forward and reverse transfer
characteristic curves are pretty small. (b) Transfer characteristic curves of the HfS2-based NVM device with increasing hysteresis
for different control gate-voltage sweeping ranges. Note that the directions of the hysteresis loops are indicated by the solid arrows.
(c) Variation of the threshold voltage shift under various VCG max. (d) Memory window extracted from transfer characteristic curves
depending on VCG max. The inset presents the calculated stored carrier density n as a function of VCG. (e) Retention performance of the
HfS2-based NVM device after being programmed (+80 V, 1 s) and erased (−80 V, 1 s), both program and erase states are read with
VDS = 0.1 V, VCG = 0 V. (f) Retention endurance property over 1000 cycles of the memory device. Schematic energy band diagram
of nonvolatile characteristic under (g) zero, (h) positive, and (i) negative control gate bias conditions, � and χ are the work function
and the electron affinity, respectively.

learning, and memory in human brain. In biological, the
presynaptic neuron can release excitatory or inhibitory
neurotransmitters upon different stimulation. The deliv-
ery of neurotransmitters from presynaptic neuron to post-
synaptic neuron dominates the information transmission
between two neighboring neurons. Figure 3(a) shows the
schematic diagram of a biological synapse and its emula-
tion with a three-terminal HfS2-based NVM device. As an
artificial synapse, the electrical pulse applied to the con-
trol gate is appointed as the input spike, the IDS recorded
at VDS = 0.1 V as the postsynaptic current. The excitatory
PSC (EPSC) and inhibitory PSC are emulated in the arti-
ficial synapse under separate negative and positive input
spikes with different amplitudes, as shown in Figs. 3(b) and

3(c), respectively. When a negative input spike is applied,
the PSC shows a rapid increase and a slow decay. More-
over, the EPSC can be sustained at an intermediate state
for a period of time, suggesting the nonvolatility of the
state. Similarly, IPSC behavior corresponding to a synaptic
inhibition activity is observed by applying a positive volt-
age pulse. In addition, from the response of PSC to input
spikes of varying amplitudes, we can find that a pulse with
larger amplitude induces a greater EPSC or IPSC behavior.
This behavior can be attributed to the higher trapping and
releasing capabilities of electron under larger VCG, which
agrees well with the increasing hysteresis with VCG in
Fig. 2(b). Moreover, a train of spikes of varying durations
is applied to mimic the spike-duration-dependent plasticity
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

FIG. 3. (a) Schematic diagram of a biological synapse and its emulation with a three-terminal HfS2-based NVM device. (b) Exci-
tatory postsynaptic current (EPSC) generated by single-input spike with different amplitudes (−20, −30, and −40 V). (c) Inhibitory
postsynaptic current (IPSC) triggered by positive spike with different pulse amplitudes (20, 30, and 40 V). Note that the input spike has
a fixed width of 50 ms in (b) and (c). (d) EPSC behavior generated by two consecutive input spikes (−30 V, 50 ms) with an interval
time of 0.5 s. (e) STP shown by the PPF and PPD index as a function of interval time between two successive input spikes (±30 V,
50 ms). (f) The dynamic long-term potentiation of PSC stimulated by a serious of input spikes (−20 V, 50 ms) with interval time of
1 s. (g) The dynamic long-term depression behavior in PSC under a series of voltage pulses (15 V, 50 ms) with an interval time of 1
s. (h) LTP and LTD synaptic behaviors of the artificial synapse in response to the application of 50 negative voltage pulses (−20 V,
100 ms) and 50 positive voltage pulses (15 V, 100 ms) with a period time of 5 s. (i) The extracted Gmax : Gmin ratio as a function of
pulse duration.

(SDDP), as presented in Fig. S4 within the Supplemental
Material [47]. The larger change in EPSC or IPSC can be
induced with increasing the spike duration, demonstrating
that more electrons are trapped or released for a long pulse
duration.

In biology, the correlations between activity of presy-
naptic neuron and extent of postsynaptic membrane polar-
ization induce variations in connection weights (i.e.,
synaptic plasticity). According to the retention ability, the
synaptic plasticity can be divided into two categories:

STP and LTP. The PPF is a representative type of STP,
which is considered as a critical temporal information
associated with learning and sound localization. The PPF
index can be described by the following formula: PPF =
100% × A2/A1, where A1 and A2 are the values of the
first and second PSC, respectively. PPF behavior gener-
ated by a pair of negative input spikes (−30 V, 50 ms)
with an interval time of 0.5 s is illustrated in Fig. 3(d).
PPF represents a temporal synaptic activity increase when
the interval time is very small. The extracted PPF and
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(a) (b) (c)

(d) (e) (f)

(g)

First forgetting Second forgetting

Pulse number Pulse number

FIG. 4. (a) Transient photoresponsive characteristics of the NVM device under different light intensities from 2.6 to 245.3 mW/cm2

for 200 ms with fixed wavelength of 405 nm. (b) Transient photoresponsive characteristics of the NVM induced by light pulses
(λ = 405 nm, P = 245.3 mW/cm2) with different exposure time (1 ms–2 s). (c) Typical photoresponsive characteristics of the NVM
generated by a pair of light pulses (405 nm, 245.3 mW/cm2, �t=0.8 s). A1 and A2 represent the change of values at the end of the
first and the second light pulse, respectively. (d) PPF index plotted as a function of interval time between light-pulse pairs, fitted by
exponential curves. (e) The STM-to-LTM transition triggered by increasing the number of input light pulses. (f) Forgetting curve
and fitted line using exponential relaxation model. The PSC achieved after 50 consecutive light pulses. (g) The measured “learning-
experience” behavior emulated by pulsed light stimuli. Light pulse in (e)–(g): λ = 405 nm, P = 245.3 mW/cm2; pulse width, 0.2 s;
pulse frequency, 0.5 Hz.

paired pulse depression (PPD) index as a function of
time interval between two pulses is fitted by a double
exponential decay function and plotted in Fig. 3(e) [7].
The PPF index decreases from 150% to 101%, when �t
increases from 0.1 to 10 s. The calculated relaxation time
constants (τ1 = 20 ms, τ2 = 1.2 s) consistent well with
values in biological synapses. While the PPD index has
an increasing trend from 71 to 100% with the increas-
ing time interval. To obtain the long-term plasticity at
excitatory synapses, including LTP and LTD, consecutive
input spikes are applied to the control gate. Figures 3(f)
and 3(g) present the evolution of PSC under 30 negative
and positive consecutive pulses (amplitude = −20 V/15 V,

width = 50 ms, interval = 1 s), respectively. Note that the
conductance of the device is recorded with a reading
voltage VDS of 0.1 V. The PSC shows a persistent
increase (decrease) with negative (positive) pulses. The
modulated multilevel states of conductance can serve as
synaptic weights for neuromorphic computing and bring
about better learning capability and an improved net-
work robustness. The LTP and LTD behaviors under a
cluster of 50 identical consecutive negative and posi-
tive spikes are depicted in Fig. 3(h). Furthermore, the
LTP and LTD behaviors under 50 successive potentia-
tion and depression spikes with different pulse durations
from 50 ms to 4 s are illustrated in Fig. S5 within the
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Supplemental Material [47]. The observed on:off ratio
between maximum conductance (Gmax) and minimum
conductance (Gmin), i.e., Gmax/Gmin as a function of pulse
duration is presented in Fig. 3(i). The Gmax : Gmin ratio
increases firstly and reaches saturation with increasing the
pulse duration. The maximum of the Gmax : Gmin ratio of
26 can be obtained when pulse duration is 1 s.

An artificial synaptic device with large Gmax : Gmin ratio
(> 10), multidata levels (> 32), and linear conductance
modulation is essential for efficient neural network sys-
tems. The artificial synapse in this work exhibits 50 level
conductance states and Gmax : Gmin > 10, demonstrating
good potentiation and depression properties. The nonlin-
earity (NL) is extracted from the LTP and LTD charac-
teristic curves to assess the potentiation and depression
properties quantitatively. A lower NL of a synaptic device
can result in a higher recognition accuracy in an ANN. The
NL values for the potentiation and depression are analyzed
by fitting LTP and LTD data with the following equations
[44]:

Gn+1 = Gn + �Gp = Gn + αpe−βp
Gn−Gmin

Gmax−Gmin ,

Gn+1 = Gn + �Gd = Gn − αde−βd
Gmax−Gn

Gmax−Gmin ,

where Gn and Gn+1 are the conductance of the nth and
n + 1th pulses, Gmax and Gmin represent the maximum and
minimum conductance, α and β are the differences of
conductance between two points and NL, respectively. In
Fig. 3(h), extracted βp and βd from the fitting curves are
0.69 and 2.3, respectively. In Fig. S5 within the Supple-
mental Material [47], the effects of pulse width on the
LTP and LTD characteristics are examined. The NL val-
ues for each pulse width are obtained to analyze the trend
quantitatively as shown in Fig. S6 within the Supplemen-
tal Material [47]. The NL values show a decreasing trend
firstly and increase with increasing the pulse duration from
50 ms to 4 s. The minimum NL values for LTP and
LTD are 0.58 and 2.3, respectively. The large Gmax : Gmin
ratio and good linearity of our synaptic device suggest a
potential in accomplishing high recognition accuracy.

In contrast to electrical signals, light can transmit with-
out transmission loss, and can be employed as the input
spike in the transistor with a light-sensitive channel. Figure
4 illustrates the basic photoresponsive characteristics of
the HfS2/h-BN/FG-graphene FET as an artificial optoelec-
tronic synapse, in which the light pulse is regarded as the
presynaptic input to trigger the PSC. Transient photore-
sponsive characteristics of the NVM device under different
light intensities from 2.6 to 245.3 mW/cm2 for 200 ms with
fixed wavelength of 405 nm are shown in Fig. 4(a). Note
that the PSC is recorded at a constant reading voltage of
0.1 V and gate voltage of 0 V. Light illumination with high
intensity induces the large enhancement of the PSC. Figure
4(b) further illustrates the photoresponse characteristics

with different pulse width from 1 ms to 2 s. Longer light
pulses provide high cumulative excitation energy, leading
to high photocurrent amplitudes. It is worth noting that our
artificial optoelectronic synapse exhibits a clear response
under a light-pulse width of 1 ms. The abrupt current rise
is induced by a sudden increase of photogenerated carri-
ers under light illumination. After the removal of the light
stimuli, the PSC shows a gradual decay and back to the
resting current. Therefore, the observed PSC behavior that
a HfS2-based optoelectronic transistor resembles is similar
to the PSC in biological synapses. Moreover, the HfS2-
based optoelectronic transistor shows a similar trend when
exposed to red light (λ = 637 nm, P = 160 mW/cm2), as
shown in Fig. S7 within the Supplemental Material [47].

The learning and forgetting behaviors of the human
brain are dominated by its capability to handle the synap-
tic plasticity. PPF is a phenomenon in neuroscience where
the PSC induced by the second presynaptic spike is larger
than the first one. The enhancement extent is bound up with
the time interval between these two consecutive spikes.
The PSC peaks have been successfully observed in our
light-stimulated synaptic transistor under two successive
light pulses (405 nm, 245.3 mW/cm2, 200 ms), as shown
in Fig. 4(c). Obviously, the amplitude of the second PSC
(A2) triggered by the second light spike is larger than that
induced by the first spike, which is analogous to the PPF
behavior in the biological synapses. The observed PPF
index as a function of the time interval (�t) between two
consecutive light pulses is plotted in Fig. 4(d). The PPF
index decreases from 190 to 105%, when δt increases from
0.3 to 4.8 s. Note that the PPF index obtained under light
stimulation is higher than that under voltage stimuli. In the
fitting, the extracted relaxation time constants (τ1 = 78 ms,
τ2 = 2.2 s) agree well with measured values in biological
synapses.

In neurobiology, short-term and long-term memory
(STM and LTM) are two typical memory behaviors.
The information received with attention is converted into
STM and stored in the hippocampus. The correspond-
ing temporal weak potentiation of synaptic plasticity can
only last from a few seconds to minutes. If repetitive
rehearsals are provided, the STM can be transferred to
LTM, which is stored into the cerebral cortex, and can
persist from a few minutes to years. STM, LTM, as
well as STM-to-LTM transition have been emulated using
pulsed light stimuli with varied number (N ), as illustrated
in Fig. 4(e). The potentiation of synaptic plasticity (i.e.,
PSC) increases with the increase of light pulse number,
transferring from STM to LTM. Similarly, as shown in
Fig. S8 within the Supplemental [47], the STM-to-LTM
transition can also been demonstrated under light stim-
uli (λ = 637 nm, P = 160 mW/cm2) with the increase of
pulse number (5, 20, and 50). In Fig. 4(f), we fit the for-
getting curve by the formula known as the Kohlrausch
law: I(t) = I0 + Aexp(−t/τ), where I0, A, and τ are

044049-8



HIGH CONDUCTANCE MARGIN FOR EFFICIENT. . . PHYS. REV. APPLIED 16, 044049 (2021)

(a) (b)

(d)(c)

Pulse number weight

FIG. 5. (a) LTP characteristic curve measured under light pulse (λ = 405 nm, P = 245.3 mW/cm2, pulse width 0.2 s, pulse fre-
quency 0.5 Hz.) and LTD characteristic curve obtained under different voltage spike amplitudes from 0.5 to 25 V with a step of 0.5 V.
(b) Schematic of a three-layer neural network for recognition tasks. (c) Recognition accuracy evolution with training epoches based on
the LTP and LTD characteristic curves measured under light and voltage spikes, respectively. (d) The simulated recognition accuracy
as a function of training epoches based on our artificial synapse measured under voltage pulse.

the stabilized current, prefactor, and the characteristic
relaxation time, respectively. The characteristic relaxation
time τ increases from 18 to 84 s, the stabilized current
changes from 0.6 to 6.3 nA with pulse number (N ), as
shown in Fig. S9 within the Supplemental Material [47],
which accord well with the consequent memory transition
from STM to LTM in the human brain. Meanwhile, inter-
esting “learning-experience” behavior of the human brain
has been emulated using two sequences of successive light
pulses with an interval of 100 s, as shown in Fig. 4(g).
After the first pulse train (20 pulses), the synaptic weight
has a notably potentiation and then shows a spontaneous
decay to an intermediate level during the train interval.
This behavior corresponds to the phenomenon that the
information learned by the human brain is apt to lose after
a period of time. In the second learning stage, to achieve
the same current level (synaptic weight) as in the first train,
only six pulses are required, which reflects that less time

is needed for the relearning process. Moreover, the decay
in synaptic weight after the relearning process is smaller
than that after the first stimulating process, analogous to
the learning behaviors in the human brain.

For neuromorphic computing, the linear and symmetric
weight update of LTP and LTD, as well as large Gmax :
Gmin ratio play a vital role in achieving high recognition
accuracy and efficiency [3,51]. The LTP of our artifi-
cial synapse was obtained by applying 50 light pulses of
width 200 ms (405 nm, P = 245.3 mW/cm2), as shown
in Fig. 5(a). The LTP curve has a large Gmax/Gmin ratio
(34.7) and a small NL value of 0.29, due to the ultrahigh
photoresponsivity and photogain of HfS2 [35]. The LTD
characteristic curve is investigated by applying a cluster
of 50 voltage pulses with different amplitudes from 0.5 to
25 V with 0.5 V step. The NL of the LTD obtained under
incremental voltage pulse scheme is improved compared
with the case when voltage pulses with fixed amplitude are
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applied. It is clear that our artificial synapse shows a higher
conductance ratio and good linearity under the combina-
tion of electrical and optical singles, which can bring about
higher recognition accuracy and efficiency in neuromor-
phic computing. Moreover, the energy consumption per
spike in our artificial synapse is as low as 0.2 pJ, suggest-
ing its application potential in low-power neuromorphic
computing.

To fully demonstrate the potential of the HfS2-based
NVM device for neuromorphic computing, an ANN based
on the experimentally measured LTP and LTD characteris-
tic curves is simulated to perform supervised learning. As
illustrated in Fig. 5(b), we design a two-layer ANN with
one hidden layer using the PyTorch platform, which is an
open-source Python machine learning library, for image
classification from the MNIST database via back propa-
gation [3]. The ANN generated by software consists of
784 input neurons, 150 hidden neurons, and 10 output
neurons, in which the 784 input neurons and 10 output
neurons correspond to the input image data with a size
of 28 × 28 pixels and 10 kinds of Arabic digits (0-9),
respectively. All neurons are connected to the neurons on
the other end of corresponding layers through the synap-
tic device. The dynamic modulated weight connections
among these neurons, are defined as LTP and LTD con-
duction states of HfS2-based synaptic devices as shown
in Fig. 5(a), which are extracted from experimental data
under successive input spikes. During the simulation, the
stochastic gradient descent (SGD) algorithm is employed
for training. The detailed simulation process can refer to
the investigation of Jin et al. [51]. The synaptic device
updates their weighting values based on the HfS2-based
NVM device characteristics including the NL, Gmax : Gmin
ratio, finite number of conductance states. After training
with 8000 randomly selected images per each epoch from
60 000 images of the training dataset, the recognition accu-
racy of ten digits is estimated by using 10 000 images from
a separate testing data set, the model is updated by training
with the full trainset of each epoch.

Figure 5(c) represents the recognition accuracy of the
simulated ANN as a function of training epoch based
on the LTP and LTD obtained under the combination
of electrical and optical singles. The maximum recog-
nition accuracies reach 91.5, 90.5, and 91.3% based
on LTP only, LTD only, and LTP and LTD, respec-
tively. The recognition accuracy is higher than previ-
ously reported ANNs with similar topology [44,51]. For
comparison, the recognition accuracies of our simulated
ANN based on the LTP and LTD curves observed under
voltage-pulsing mode with fixed amplitude are plotted
in Fig. 5(d). The estimated recognition accuracies are
89.9, 89.8, and 90.2% based on LTP only, LTD only,
and LTP and LTD, respectively. Note that the recogni-
tion accuracy of the ANN based on our synaptic device
can exceed 80% after only one training epoch. Our

optoelectronic synapse exhibits a higher recognition accu-
racy under the combination of electrical and optical singles
than that observed under electrical stimulation. The high
recognition accuracy at the system level underscores the
high potential of our HfS2-based NVM device in designing
neuromorphic computing systems. However, the synthe-
sis of high-quality 2D materials, such as HfS2, BP, h-BN,
WSe2, and MoS2, at wafer scale is still in primary level.
Therefore, it is very challenging to fabricate a large-scale
array of 2D devices at the present stage. In this regard,
it is vital to produce high-quality 2D materials at wafer
scale with large grain sizes and uniform film thicknesses
to realize high-performance fully hardware-implemented
ANNs comprising 2D van der Waals synapses in the
future.

IV. CONCLUSION

In conclusion, the NVM operation based on all
2D few-layer HfS2/h-BN/FG-graphene FET devices is
demonstrated. The NVM device exhibits reliable mem-
ory performances with a large memory window of 100 V,
high on:off ratio over 105, stable switching cycles of 103,
and a long retention time of 104 s. Notably, representa-
tive synaptic functions at the device level including PPF,
STM and LTM, LTP and LTD have been emulated based
on our HfS2 NVM device. In particular, the ultrahigh pho-
toresponsivity and photogain of the HfS2 channel enable
our devices to emulate memory and learning behavior sim-
ilar to the human brain by tuning the light pulse width,
intensity, and the numbers of light pulses. Moreover, the
energy consumption per spike in our artificial synapse is
as low as 0.2 pJ. The recognition accuracy of handwrit-
ten digits at the system level based on our HfS2 NVM
artificial synapse can be achieved up to 91.5%, which
is superior to other reported 2D artificial optoelectronic
synapses. The results suggest the high potential of all 2D
heterostructures in developing both nonvolatile memories
and efficient synaptic devices for neuromorphic computing
systems.
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