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Scalable transition metal dichalcogenide
memtransistor arrays with Schottky-barrier
control for energy-efficient artificial neural
networks

Xiangyu Hou 1,7 , Wei Zhang1,7, Sisheng Duan1, Tengyu Jin 2 ,
Xiangrui Geng1, Ming Lin 3, Yichen Cai1, Jingyu Mao4, Yizhuo Luo1,
Jinlong Zhu 5, Junhao Lin 5 & Wei Chen 1,4,6

Memtransistors that integrate memristor and transistor functionalities are
promising candidates for scalable, energy-efficient neuromorphic computing.
However, achieving high performance inmemtransistor arrays—particularly in
terms of resistive switching ratio, uniformity, and scalability—remains a sig-
nificant challenge for practical deployment in artificial neural networks. Here,
we present scalable memtransistor arrays based on transition metal dichal-
cogenides (TMDCs), where the Schottky barrier is precisely controlled by
modulating vacancy distribution and migration behavior. This approach
enables a substantial improvement in the resistive switching ratio, reaching 105

through gate modulation. The device-to-device variation is maintained below
6.8%, and the power consumption is as low as 1 pJ per operation. These devices
demonstrate high performance in artificial neural network applications,
achieving greater than 98% accuracy in image recognition tasks. Furthermore,
the devices exhibit remarkable scalability, with a cell size as small as 4.65 F²,
and can be furtherminiaturizedby adjusting the channel sizewithout affecting
the switching performance. This work highlights the potential of TMDC-based
memtransistor arrays for energy-efficient, high-performance artificial neural
networks, offering a scalable solution for next-generation neuromorphic
computing hardware.

Artificial neural networks (ANNs) areoneof the foundations ofmodern
artificial intelligence (AI), enabling breakthroughs in image recogni-
tion, natural language processing, and real-time decision-making1,2.
Conventional von Neumann architectures, which based on a central
processing unit (CPU) and a memory, face increasing challenges in

meeting the growing demand for high-speed data processing and
energy efficiency, making them unsuitable for power-constrained
environments such as edge AI and autonomous systems. Neuro-
morphic computing as a computing-in-memory architecture has been
proposed to overcome the limitations of conventional accelerators for
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advanced ANNs3,4. While application-specific integrated circuits
(ASICs) based on complementarymetal-oxide-semiconductor (CMOS)
technology have been developed to enable in-memory computing,
their reliance on tens of devices to emulate a single synapse results in
significant area overhead, limiting their scalability for large-scale
neuromorphic systems5. To realize hardware-efficient ANNs, neuro-
morphic devices should support high-density integration, low-power
operation, and precise weight modulation.

Memtransistors, which integrate memristor and transistor func-
tionalities in a single unit, have emerged as promising candidates for
hardware-efficient ANNs6–8. Unlike conventional transistors that require
external memory elements, or memristors that need additional cir-
cuitry such as one-transistor-one-memristor (1T1M) configurations9–12,
memtransistors leverage a multi-terminal architecture that allows for
area efficiency, dynamic conductance tuning, and multilevel resistive
states, making them well-suited for ANN-based processing. Beyond
their roles in ANN acceleration, memtransistors also hold potential for
multi-mode sensing-computation integration, where electrical and
optical signals, as well as environmental factors, can be simultaneously
processed within a unified architecture13,14.

Two-dimensional (2D) transitionmetal dichalcogenides (TMDCs),
with their atomic-scale thickness, present a promising platform for the
high-density integration ofmemtransistors15–18. Particularly, as channel
lengths of 2D field-effect transistor (FET) shrink below 100nm19–21, 2D
memtransistors have the potential to surpass Moore’s law, offering an
avenue toward ultra-compact, beyond-CMOS neuromorphic pro-
cessors through 2D-CMOS hybrid integration. Currentmemtransistors
based on monolayer (ML) TMDCs primarily exploit Schottky barrier
modulation to achieve resistive switching, particularly in polycrystal-
line or defect-rich MoS₂, where vacancy migration under an external
electric field dynamically alters the Schottky barrier7,13,22–27. However,
the random and uncontrolled nature of defect distributions has hin-
dered the scalability of ML TMDC memtransistors, restricting most
reported devices to micrometer-scale channel lengths, with few
demonstrations of large-scale memtransistor arrays. The non-uniform
vacancy migration behavior in polycrystalline or defect-rich materials
further exacerbates significant device-to-device variability and poor
fabrication yield, which obscures the underlying switching mechan-
isms and introduces large performance variability, severely limiting
the practical deployment of 2D memtransistor-based hardware.
Despite increasing demand for single-crystalline TMDCs, their appli-
cation in memtransistors remains limited, primarily due to the pre-
valenceof polycrystallinematerials,which restricts the choiceof viable
channel materials and hinders broader attention to the field. There-
fore, achieving precise Schottky barrier modulation and scalability in
single-crystalline TMDC memtransistors is crucial for realizing high-
density and highly uniform arrays, paving the way for their integration
into next-generation neuromorphic computing hardware.

Here we demonstrate scalable MoS2 memtransistor arrays with
precise Schottky barrier modulation, achieved through controlled
oxidation processes that regulate vacancy distribution and migration
behavior. The fabricated memtransistors exhibit a substantial
improvement in the resistive switching ratio, reaching 104, and further
enhancement to 105 with 7 distinct resistive states through gate
modulation. The array features a channel length scaled down to
500 nm with a cell size as small as 4.65 F², and according to the
Schottky barriermodel, the channel length canbe furtherminiaturized
without compromising the switching performance. To validate its
neuromorphic computing capabilities, we design and implement a
hardware-based ANN utilizing a 5 × 5 memtransistor array, where
device states are directly mapped to synaptic weights. The device-to-
device variation is maintained below 6.8%, and the device yield can
achieve 100%, ensuring high uniformity and reliability. The ANN is
trained and tested for image processing and recognition tasks,
demonstrating over 98% accuracy in classification. Thismemtransistor

fabrication approach is also applicable to mechanically exfoliated
MoS2 and MoTe2, indicating a versatile fabrication strategy for 2D
TMDC memtransistors. Our results highlight the potential of high-
density, low-power 2D memtransistor arrays for next-generation neu-
romorphic processors, bridging the gap between emerging material
innovations and practical AI hardware applications.

Results
Schottky-barrier controlled memtransistor arrays
To fabricate a Schottky-barrier controlled memtransistor, a critical
aspect of our approach is the selective oxidation treatment, which
modulates sulfur vacancies in designated regions, leading to spatially
controlled Schottky barriers engineering. Figure 1a, b illustrates the
fundamental device structure and fabrication process. The memtran-
sistor consists of a MoS₂ channel integrated into a multi-terminal
configuration, allowing for both gate-controlled conductance tuning
and memory functionality. The oxidized area is designed and con-
trolled by etching PMMA films. The oxidation level is controlled by the
duration of the oxygen plasma treatment. Details of thememtransistor
fabrication is provided in theMethods.We fabricate 12 × 6 arrays ofML
and few-layer (FL, ~ three layers) MoS2-based memtransistor with
varying channel lengths on SiO2/Si substrates (Fig. 1c, d and Supple-
mentary Fig. 1). The cross-sectional transmission electron microscopy
(TEM) images confirm the structural modifications of a memtransistor
cell after plasma treatment (Fig. 1e). The high-resolution images
(Fig. 1f) show the oxidized and pristineMoS2 are near the left and right
electrodes, respectively. Sulfur vacancies causing lattice disorders and
thickness thinning (about 1.6 nm) can be observed in the treatedMoS2
area, while the untreated area can find a three-layer MoS2 and the
thickness of about 2.1 nm. Through a systematic study of the thickness
variation with treatment time, it was found that the sample thins by
0.1 nm for every second of treatment (Supplementary Fig. 2). This is
consistent with the TEM data, which shows a 0.5 nm reduction after
5 seconds of treatment. Corresponding energy dispersive X-ray spec-
troscopy (EDS) reveals the elemental distributions in the device
(Fig. 1g). Sulfur and oxygen contents in the treated region are lower
and higher than in the untreated region, respectively, confirming the
localized oxidation effects and ensuring reproducibility and reliability
in large-scale integration. Using this approach, we successfully fabri-
cate individual memtransistor devices based on mechanically exfo-
liated MoS2 and MoTe2 (Supplementary Figs. 3 and 4) and scalable
array structures on CVD-grown ML and FL MoS2.

Mimicking biological synapses is crucial for hardware-based
ANNs. As illustrated in Fig. 2a–d and Supplementary Fig. 5, the MoS2
memtransistor shows the artificial synaptic characteristics, such as
short- and long-term plasticity (STP and LTP). As the duration time or
number of the programming pulse raise, transition from STP to LTP
can be observed, suggesting that the MoS2 memtransistor cell can
emulate a single synapse for neuromorphic computing (Fig. 2b, c).
Robust and tunable conductance states can be achieved through pulse
modulation (Fig. 2d), which is critical for implementing synaptic
weight tuning in ANN architectures. To demonstrate the practical
application of our memtransistor arrays in neuromorphic computing,
we fabricate a 5 × 5 hardware-efficient ANNs for image processing and
recognition (Fig. 2e–g). In comparison with state-of-the art memtran-
sistors that based on vacancy migration7,22–25,27, ferroelectric
materials28, ion-induced phase change29,30 and moiré synapse31, our
approach offers a significant advantage in terms of resistive switching
ratio, uniformity, scalability and energy efficiency (Fig. 2h). These
results suggest that Schottky-barrier-engineered MoS₂memtransistor
arrays have the potential to achieve the requirements of the Interna-
tional Roadmap for Devices and System (IRDS)32.

To elucidate the underlying mechanism of Schottky barrier
modulation, Fig. 3 presents atomic-scale and spectroscopic investi-
gations. Thememtransistor is designed based on vacancymigration to
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tune the Schottky barrier height (ΦSB). According to the Schottky
barrier-FET model, the IDS-VDS curves can be expressed as7,33:
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Where D, e and k represent fitting parameter, the charge of the elec-
tron and the Boltzmann constant, respectively. The first exponential
term represents the gate voltage (VG) modulation, where IDS increases
with VG, demonstrating the memtransistor’s gate tunability. The sec-
ond exponential term accounts for the asymmetry in IDS under positive
and negative bias. The last exponential term describes the contribu-
tion ofΦSB. Randomvacancieswith highΦSB causes thememtransistor
keep in high resistive state (HRS). When a bias is applied, vacancies
migrate along grain boundaries, reducing ΦSB and transitioning the
device to a low-resistance state (LRS). As shown in Fig. 3a, b, we
increase ΦSB at the electrodes/channel interface through MoS2
oxidation. Initially, random vacancies induce a large ΦSB, maintaining
the device in HRS. Upon applying a programming bias, vacancy
migration lowers ΦSB, enabling the LRS state.

To minimize uncontrolled vacancies, high-quality MoS2 growth is
essential. Figure 3c, d presents high-resolution scanning tunneling
microscopy (STM) images of MoS2 grown on a highly oriented pyr-
olytic graphite (HOPG) substrate, revealing a moiré pattern with an
atomic spacing of 0.326 nm—consistent with pristine MoS2 and indi-
cating minimal vacancies. The scanning tunneling spectroscopy (STS)
results in Fig. 3e confirm a bandgap of ~1.8 eV. Additionally, the grown
MoS2 characterized by AFM and Raman mapping (Supplementary
Fig. 6), as well as the FET arrays fabricated from grown MoS2 (Fig. 3f)
exhibit high uniformity, further confirming the material’s quality and
low vacancy concentration. Spectroscopic analysis further validates
that the controlled sulfur vacancy can be produced by plasma treat-
ment. Raman spectra in Fig. 3g show that the intensity of the two
characteristic peaks (E1

2g, A1g) of MoS2 weakens after oxygen plasma
treatment, while the intensity of the Si substrate characteristic peak at
520 cm-1 remains unchanged. This indicates that both the in-plane and

out-of-plane vibrational modes between Mo and S atoms are wea-
kened, suggesting the formation of S vacancies. Additionally, in Sup-
plementary Fig. 2b, c, different vacancy concentrations inMoS2 can be
obtained by varying the treatment duration. The gradual decrease in
characteristic peak intensity with increasing treatment time further
confirms that more vacancies are generated as the treatment time
increases. The X-ray photoelectron spectroscopy (XPS) spectra also
provide evidence for the presence of S vacancies. In Fig. 3h, theMo 3 d
core-level XPS spectra exhibit a pronounced Mo–O bond feature and
sub-peaks typically associated with sulfur vacancies after treatment,
indicating the formation of S vacancies13,14,34,35. The S 2p1/2 and S 2p3/2
peaks in Fig. 3i show no significant change after treatment, suggesting
that thepresence of S vacancies does not significantly affect theoverall
S 2p peak profile. The results of ultraviolet photoelectron spectro-
scopy (UPS) data indicate that a Schottky barrier height of 0.56 eV is
formed between the oxidizedMoS2 and the pristineMoS2, leading to a
HRS in the device (Fig. 3j). These spectroscopic results provide
experimental support for our design mechanism. Combined with the
TEM results in Fig. 1, this further demonstrates that a controllable
vacancydistribution and concentrationcanbe achieved in high-quality
MoS2 through oxygen plasma treatment, enabling the fabrication of
memtransistors with stable switching behavior.

Based on the memtransistor cell design and vacancy regulation
method, the fabrication and device performance of vacancy-tunable
memtransistor arrays are presented in Figs. 4 and 5. Figure 4a and
Supplementary Fig. 7 illustrate the step-by-step fabrication process.
High-quality MoS2 grown on a SiO2/Si substrate is selected as the base
material. First, electron-beam lithography (EBL) and electron-beam
evaporation (EBE) are used to design and deposit electrodes and
markers. Then, marker alignment is utilized to define the channel.
Finally, controlled oxidation areas are designed using marker align-
ment, and the vacancy concentration and area in the memtransistor
array are adjusted by controlling the oxygen plasma treatment time.
The detailed fabrication process can be found in the Methods section.
Figure 4b presents an optical image of thememtransistor array before
treatment, where the cells adopt an interdigitated electrode design
(Fig. 4c) to minimize the impact of uncontrollable vacancies while

Fig. 1 | Structure of MoS2 memtransistor arrays. a Schematic of the MoS₂
memtransistor structure, highlighting the selectively treated and untreated areas
for Schottky barrier modulation. b Schematic of the atomic model of the treated
MoS2. The introduction of controlled oxidation in the treated area leads to loca-
lized sulfur vacancy redistribution. c Optical images of the fabricated memtran-
sistor chip, demonstrating large-scale integration with 12 × 6 arrays.dA 12 × 6 array
with the channel length of 3 µm. Scale bar, 300 µm. e The cross-sectional trans-
mission electron microscopy (TEM) image of a memtransistor cell. Scale bar,

200 nm. f The high-resolution TEM images of the memtransistor cell, revealing the
structural characteristics of the treated and untreated regions, confirming the
presence of lattice disorder (~1.6 nm) and oxygen incorporation in the modified
Schottky interface. Scale bar, 4.8 nm for the image of the treated area and 4.2 nm
for the image of the untreated area. g Corresponding elemental distributions of a
memtransistor cell, which further verifies the spatially controlled oxidation effects,
enabling precise Schottky barrier engineering. Scale bar, 20nm.
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enhancing the effect of artificially designed vacancies. The dark-field
image (Fig. 4d) reveals that no significant large-area defects exist in the
device before oxidation, consistent with the STM results of Fig. 3c, d.
Figure 4e, f demonstrates how marker calibration enables precise
control of the oxidation pattern. Figure 4e shows that during multiple
oxidation processes within the same array to regulate vacancy con-
centration, the designed oxidation patterns remain accurately aligned,
ensuring that increasing treatment time leads to a higher vacancy
concentration without altering the oxidation area. Figure 4f illustrates
the controlled oxidation areas, where the channel length between
electrodes is 3μm, and the designed oxidation lengths correspond to
one-quarter, one-half, three-quarters, and the entire channel length.

Figure 5a presents the representative performance of a mem-
transistor cell. TheON/OFF ratio of the cell exceeds 104, demonstrating
excellent switching capability. Figure 5b displays the results over ten
switching cycles, revealing that the cycle-to-cycle variation can be as
low as 5.4%. The gate-dependent tuning of the memtransistor’s per-
formance is shown in Fig. 5c. The empirical cumulative distribution
function (ECDF) plot indicates that different gate voltages enable clear
differentiation of resistance states, achieving at least seven distinct
states. Furthermore, theON/OFF ratio canbe enhanced to 105,meeting
the stringent requirements for high-performance neuromorphic
device applications36. The corresponding gate-modulated IDS-VDS
characteristics and transfer curves are shown in Supplementary Fig. 8,
further demonstrating the gate-tunable behavior of the memtransis-
tor. In addition, the clockwise hysteresis observed in the transfer
curves also indicates the presence of vacancy-related traps in the
device7.

Figure 5d–f, along with Supplementary Figs. 9 and 10, illustrate
the tunability of vacancy-controlledmemtransistor arrays inML and FL
MoS2 devices. The results indicate that, regardless of the layer thick-
ness, the devices with the smallest oxidation area exhibit the highest
ON/OFF ratio. As the oxidation area increases, the ON/OFF ratio

decreases, primarily due to the increased charge trapping effect
induced by vacancies37. Additionally, due to the competing effects of
charge trapping and vacancy migration, the performance differences
between ML and FL memtransistors become more pronounced at
varying vacancy concentrations. MLMoS2 ismore sensitive to vacancy
concentration changes. As the vacancy concentration increases, the
charge trapping effect in ML MoS2 memtransistor becomes more sig-
nificant, leading to a rapid decline in the ON/OFF ratio. The clear var-
iation of the ON/OFF ratio with vacancy concentration also provides a
potential application pathway for using memtransistors in quality
assessment and monitoring of TMDC materials.

Retention and endurance characteristics of ML and FL MoS2
memtransistors are shown in Supplementary Figs. 11 and 12. FL MoS2
memtransistors exhibit stable performance, with over 100 switching
cycles, retention times exceeding 103s and endurance under nearly
10,000 LTP/LTD pulses. In contrast, ML MoS2 devices exhibit greater
susceptibility to oxidative degradation, primarily due to the adsorp-
tion of oxygen and water molecules at vacancy sites14. Consequently,
its endurance under electric field stress and retention in natural
environments are both compromised38–40. To address this issue, future
improvements will focus on strategies to prevent environmental
exposure of vacancy sites, such as introducing dielectric encapsulation
layers and fabricating top-gate electrode structures to enhance device
stability and reliability.

Statistical performance of the memtransistor array
To further demonstrate the uniformity of the fabrication method, a
statistical analysis of the memtransistor array was conducted. Fig-
ure 6a presents the normalized distribution of the ON and OFF
states for a 12 × 6 array. The results show a clear distinction between
the ON and OFF states, with the ON state exhibiting better uni-
formity compared to the OFF state. This is primarily due to the
measurement limit of our testing instrument at extremely low

Fig. 2 | Functions of MoS2 memtransistor arrays. a Schematic of biological
neurons. The biological synapse illustration provides a conceptual comparison,
where vacancy-driven Schottky barrier modulation mimics synaptic weight tuning.
b Excitatory postsynaptic current (EPSC) of the memtransistor generated by a
singleVD pulsewith different duration times. c EPSC generated by various numbers
of VD pulses. d Long-termplasticity (LTP) characteristics of thememtransistor. The
synaptic behavior of the memtransistor is demonstrated by EPSC responses under
pulse stimuli, showing both short-term plasticity (STP) and LTP characteristics.
Multi-level conductance modulation is achieved through pulse number variation,

ensuring stable weight updating, which is critical for artificial neural network (ANN)
implementation. e–g Memtransistor-based neural network system for image
recognition. 2Dmemtransistor array integrated into ahardwareANN framework (e)
for image recognition tasks. Scale bar, 100 µm. f, g illustrate the schematic of the
image recognition algorithm (f) and the corresponding results (g) respectively.h In
comparisonwith state-of-the art memtransistors based on vacancymigration (blue
line)7,22–25,27, ferroelectricmaterials (green line)28, ion-induced phase change (purple
line)29,30, and moiré synapse (yellow line)31.
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currents in the OFF state. Since the array cells are independent, no
leakage or sneak currents were observed when analyzing the device
yield. The primary influencing factors include the relatively small
ON/OFF ratio (<10) and the narrow memory window (ΔVTH < 1 V)
under a constant current of 1 nA (Fig. 6b)41. Based on this analysis,
the device yield is approximately 89%.

Figure 6c, d uses statistical methods to illustrate that the ON and
OFF states of the array can be clearly distinguished. In Fig. 6c, the ON
and OFF states follow Gaussian distributions, and their current values
are well-separated. The ECDF plot (Fig. 6d) further confirms the clear
differentiation between the ON and OFF states. Additionally, Fig. 6e
examines the variation in the set voltage at 1 nA, revealing that the
device-to-device variation across the array is less than 20%. The high
device yield and minimal device-to-device variation provide a solid
foundation for hardware-efficient ANNs.

Scalable and high-density memtransistor arrays
As mentioned, the size of each cell in the one memristor structure,
using the λ-based design rules (F = 4λ = theminimumhalf-pitch), is 4F2,

while the resulting 1T1M structure will be larger than this, reaching 7F2

or more27,42. However, the cell size of the memtransistor can be
reduced to a size close to or smaller than that of the 1M structure by
scaling the channel length and width, as well as by using shared elec-
trodes. As shown in Fig. 7a, the size of a singlememristor cell is already
4F2. To achieve effective regulation, a transistor needs to be added to
form the 1T1M structure, which increases the size and reduces the
arraydensity. For ourmemtransistor arrayswith a 3 µmchannel length,
the cell size is 6F2 when sharing source and drain electrodes. Since the
channel length of 2D transistors can be scaled down to the nanoscale,
we can reduce the cell size by scaling the channel length. When the
channel length is reduced to 500 nm, the cell size approaches 4.65F2,
which is close to the 1M cell size. If the channel width is halved at this
point, the cell size can theoretically be further reduced to 2.3F2. From
the relationship between the channel length and the cell size of the
memtransistor shown in Fig. 7b, when the channel length reaches the
submicron level, the cell size can approach that of the 1M cell. If the λ
value is fixed, further reduction in the cell size can be achieved by
adjusting the electrode and channel width.

Fig. 3 | Schottky barrier modulation mechanism and characteristics in MoS2
memtransistors. a Atomic schematic of sulfur vacancy before and after migration,
leading to a switching from the high resistance state (HRS) to the low resistance state
(LRS). Evac (vacuum level energy), EF (Fermi level), ΦSB (Schottky barrier height), CB
(conduction band), and VB (valence band). b The energy band diagrams for treated
and untreated MoS2 regions before and after vacancy migration, illustrating the
Schottky barrier modulation. c, d High-resolution scanning tunneling microscopy
(STM) images of high-quality monolayer MoS2 on the highly oriented pyrolytic
graphite (HOPG) substrate. c shows the moiré pattern formed by MoS2/HOPG. Scale
bar, 2.5 nm. d reveals a lattice spacing of 0.326nm, consistent with MoS2. Scale bar,
1 nm. The inset is a diffraction pattern from STM. e The scanning tunneling spec-
troscopy (STS) of the MoS2/HOPG substrate. The bandgap of monolayer MoS2 is

about 1.8 eV. f Electrical characterization of field-effect transistor (FET) arrays based
on monolayer MoS2. g Raman spectra comparing pristine and treated MoS2. The
intensity change of two peaks indicates sulfur vacancy induced structural mod-
ifications.hX-ray photoelectron spectroscopy (XPS) spectra of theMo3d core levels
confirm the presence of Mo–O bonding in the treated MoS2 region, suggesting
controlled oxidation at vacancy sites. i XPS spectra of the S 2p core levels. The
intensity ratio of the S 2p1/2 to S 2p3/2 peaks decreases after treatment, further
verifying the presence of sulfur vacancy. j Ultraviolet photoelectron spectroscopy
(UPS) analysis shows a shift in the work function, correlating with the Schottky
barrier height modification from 3.38 eV to 3.94 eV. These results collectively
demonstrate that vacancy engineering effectively tunes the Schottky barrier,
enabling precise modulation of memtransistor electrical characteristics.
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Thus, we further fabricate a scaled array, scaling both the channel
length and electrode width to 1 µm and 500 nm, and analyze the
changes in device performance during this process. Supplementary
Fig. 1 shows that the cell size significantly reduces when the channel
length and electrode width are reduced. Figure 7c presents the array
structure with a 500nm channel length. The bright-field (Fig. 7d) and

dark-field (Fig. 7e) microscope images show the case where the oxi-
dation region is designed. It can beobserved that the oxidized area can
still be well designed and fabricated. This demonstrates that our array
fabricationmethod canbe applied to scaled arrays, andwe believe this
method can also be adapted to advanced sub-100 nm technologies to
achieve smaller channel lengths and cell size19–21. Figure 7f and

Fig. 4 | The fabrication process of the MoS2 memtransistor arrays with con-
trolled Schottky barrier modulation. a The step-by-step fabrication process of
the memtransistor arrays. b Optical images of a MoS2 memtransistor array before
the oxidation treatment. Scale bar, 60μm. c The bright-field image of memtran-
sistor cell. Scale bar, 10μm. d The dark-field microscope image of the memtran-
sistor cell. Scale bar, 10μm. No defect can be observed in the dark-field image
showing the high-quality of the pristine MoS2. e Optical image comparison of two

identical oxidation patterns designed on the same memtransistor cell. The oxida-
tion locations remain unchanged, demonstrating the high precision and controll-
ability of the oxidation process. Scale bar, 10μm. f A series of optical images
showing different oxidation area sizes. The corresponding schematic illustrations
highlight the oxidation regions in red, with oxidation areas ranging from 7.5 to
30μm2. Scale bar, 10μm.

Fig. 5 | The device characterization of the MoS2 memtransistor arrays with
controlled Schottky barriermodulation. a 10 cycles of the IDS-VDS characteristics
of a monolayer MoS2 memtransistor. The oxidation area is 7.5μm2. b A statistical
distribution of the set voltage of 10-8A for the HRS and LRS. µ (mean) and σ (stan-
dard deviation). c The empirical cumulative distribution function (ECDF) of the

measured current under different gate voltages. The gate voltages are ranging from
−30V to 30V. d–f The influence of the oxidized area on ON/OFF ratio. The mem-
transistors are based onmonolayer (ML)MoS2with anoxidation time of 2 s (d), and
few-layer (FL) MoS2 with oxidation time of 2 s (e) and 4 s (f), respectively.
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Supplementary Fig. 13a show the switching curves corresponding to
the 500nm channel length, indicating that the set voltage can be less
than 1 V. Based on the 2D grain-boundary compact model that
accounts for voltage-dependent defect migration, the defect states
induced by grain boundaries are described using an exponential band-
tail distribution27,43,44. Two key parameters in this model are the total
defect densityNt0, typically ranging from1012 to 1013cm-1, and theband-
tail width parameter kBT0, which is set to 5kBTroom, consistent with
previous studies45. Themigration barrier, a critical dynamic parameter
that governs the switching behavior, lies between 0.6 and 2.5 eV.When
a medium barrier of ~1.5 eV is considered, the required set voltage is
estimated to be approximately 0.8 V for a grain size of 1 µm. Based on
this scaling, a 1 V set voltage is sufficient to induce defectmigration in a
device with a 500 nm channel length and a grain size of 125 nm,
thereby increasing the device density while also reducing power con-
sumption. Figure 7g–i displays the statistical results of the array, where
the switching states can be distinguished in the scaled case. The array
statistical results with a 1 µm channel length further demonstrate the
uniformity of this array fabrication method (Supplementary Fig. 14).
Supplementary Fig. 13 also shows the synaptic characteristics of the
memtransistor with a 500 nm channel length. Under a pulse voltage of
less than 1 V, the device still exhibits excellent short-term and long-
term synaptic characteristics, effectively reducing the device’s power
consumption.

When the effect of gate modulation is not considered (VG =0 V)
and only the influence of Schottky emission is taken into considera-
tion, the Schottky barrier model can be rewritten as the following

equation:

ln
IDS
T2

� �
= lnðA*Þ � eϕSB

kT
� e

kT

ffiffiffiffiffiffiffiffiffiffiffiffiffi
eVDS

4πεid

s

ð2Þ

Where A* is the Richardson constant. From this equation, the inter-
cept can be used to estimate the ΦSB corresponding to HRS and LRS
of the memtransistor. Figure 7j illustrates the variation ofΦSB during
channel length scaling, which is not only crucial for achieving low-
power and high-density integration in practical applications, but also
offers a statistically robust platform to investigate the evolution of
device working mechanisms with respect to channel dimensions. It
can be observed that the ratio of ΦSB in HRS and LRS remains
unchanged as the channel length decreases. This indicates that the
channel length of the memtransistor can theoretically be further
reduced, increasing array density while maintaining a high ON/OFF
ratio with lower energy consumption. The role of vacancy-induced
charge trapping is analyzed by the space-charge-limited current
(SCLC)model37,46, which reflects the influence of localized trap states,
as illustrated in Supplementary Fig. 15. The results reveal that both
ML and FL devices exhibit distinct segments in their IDS-VDS curves
that follow well-defined power-law behavior (i.e., I ∝ Vm), with clear
transition points (kinks). At voltages below 1.2 V, the exponent m is
approximately 2, consistent with the classic SCLC regime where
current scales quadratically with voltage, indicating that charge
trapping dominates under low bias. At higher voltages, m exceeds 2,
suggesting a transition into the trap-filled limit (TFL) regime, where

Fig. 6 | A statistical device characterization of the MoS2 memtransistor array.
a Three-dimensionalmap of normalizedON/OFF states of the 6 × 12memtransistor
array.bDistribution on the array of each categorized faileddevice. cDistribution of
ON/OFF states. The data are fitted with a Gaussian distribution. d Empirical

cumulative distribution function (ECDF) as a function of the ON/OFF states.
e Histogram of the switch voltage at a set voltage of 10-9A of the 64 memtransistor
cells. The blue line is fitted with a Gaussian distribution.
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the trap states become fully occupied and the influence of vacancy
migration becomes increasingly significant.

Figure 7k presents the ΦSB distribution of ML MoS2 memtransis-
tors under different oxidation areas. The results show that despite
variations in the oxidation area, the ratio of ΦSB remains unchanged.
This confirms that theON/OFF ratio changes observed in Fig. 5d forML
MoS2memtransistorsprimarily originate fromcharge trapping effects,
where a higher vacancy density leads to increased charge trapping,

ultimately reducing the ON/OFF ratio37. For FL MoS2 memtransistors,
vacancymigration plays a more significant role during short oxidation
treatments. Figure 7l depicts the relationship between ΦSB and oxi-
dation area under two different treatment durations. The results
indicate that although increased oxidation time leads to more vacan-
cies and enhances charge trapping, the ΦSB ratio significantly increa-
ses. This trend aligns with the changes in the ON/OFF ratio observed in
Fig. 5e, f. This suggests that in FL MoS2 memtransistors, the ΦSB

Fig. 7 | Schottky barrier variation with device scaling. a Schematic illustration of
the cell sizes in crossbar andmemtransistor structures. The crossbar configuration
hasa size of 4F2, while thememtransistor cell size canbe reduced to 2.3F2 by sharing
source/drain electrodes and minimizing the channel length (LCH) and width (WCH).
The inset shows an optical image of a device with a channel length of 500nm and
electrode width (WEL) of 3μm. Scale bar, 6μm. F = 4λ = the minimum half-pitch.
b Relationship between channel length and device size. The blue, yellow, and red
lines correspond to channel widths of 3μm, 1.5 μm, and 0.5μm, respectively.
c Optical image of an array with a channel length and electrode width of 500nm.
Scale bar, 60μm. Bright-field (d) and dark-field (e) of a memtransistor cell with a
designed oxidation region. Scale bar, 10 μm. f IDS-VDS characteristics of amonolayer
MoS2memtransistorwith a 500nmchannel length underdifferent setting voltages.

g Empirical cumulative distribution function (ECDF) plot of the memtransistor
array with a 500nm monolayer MoS2 channel. Mapping of OFF-state (h) and ON-
state (i) distribution in the memtransistor array. j Relationship between Schottky
barrier height in ON/OFF states and channel length. Red and blue lines represent
the corresponding fitted curves, respectively. k Correlation between Schottky
barrier height and oxidized area in monolayer MoS2 under different switching
states. Red and blue lines represent the corresponding fitted curves, respectively.
l Correlation between Schottky barrier height and oxidized area in few-layer MoS2
under different switching states. The blue and red lines correspond to oxidation
treatment times of 2 s and 4 s, respectively. The red and blue lines above corre-
spond to the ON-state fitted curves, and those below correspond to the OFF-state
fitted curves.
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variation is more dominant under low vacancy conditions. Further
increasing the oxidation time may improve the ON/OFF ratio of FL
MoS2 memtransistors to match that of ML MoS2 devices. Based on
these results, we conclude that in vacancy-migration-based mem-
transistors, vacancy-induced charge trapping limits the ON/OFF ratio
variation. To maximize the Schottky barrier modulation while mini-
mizing charge trapping effects, it is crucial tomaintain a controlled yet
minimal vacancy distribution range.

Image processing by the memtransistor-based ANN system
Using the same array fabrication method, we constructed a 5 × 5
memtransistor array for neuromorphic hardware applications (Fig. 8a
and Supplementary Fig. 16). A structurally symmetric 4 × 4 subarray is
selected to demonstrate hardware programming capabilities (Fig. 8b).
As shown in Fig. 8c, d, this array exhibits excellent device-to-device
uniformity in both ML and FL configurations, with a minimal variation
rate below 6.8% and a 100% yield. Figure 8e and Supplementary Fig. 17

Fig. 8 | Hardware-efficient artificial neural network system. a Optical image of
the fabricated 5 × 5memtransistor array. Scale bar, 100 µm.b Schematic diagramof
a 4 × 4 subarray with the same structure. Histogram statistics of the switch voltage
at a set voltage of 10-7A for single-layer (c) and few-layer (d) arrays. Solid lines are
fitted to the data with a Gaussian distribution. e Mapping of the 4 × 4 subarray
under different numbers of potentiation and depression pulses. “N” represents the
result after 15 potentiation pulses; “U” represents the result after 30 potentiation
pulses; the upper “S” represents the result after 50 potentiation pulses; “SIL”
represents the reversed formation after applying 50 depression pulses to non-
forming letter positions in an array fully written with 50 potentiation pulses.

f Schematic representation of the neural network recognizing MNIST database
patterns. g Recognition accuracy of a monolayer and few-layer neural network
system based on the MNIST dataset, matching the software methods. h Variations
in array uniformity (red line) and recognition accuracy (blue line) for different
model sizes. i, j Schematic of a 3 × 3 subarray used for Prewitt convolution-based
image processing, employing encoding formats for horizontal matrix structures.
i is the Prewitt matrix. j is the operation and the obtained conductance mapping.
Comparison of various convolutional image processing results between simulation
(k) and experimental (l) implementations. The simulation and experimental results
are based on the convolution matrix and conductance matrix, respectively.
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present the device performance under multiple potentiation and
depression pulses in the 4 × 4 array. The results indicate that both the
neuromorphic update signal (NUS), programmed and read after dif-
ferent numbers of potentiation pulses, and the signal-inhibiting
learning (SIL), programmed and read after potentiation pulses fol-
lowing depression, are accurately realized. This confirms the good
control over sneak current in the array, ensuring that each cell oper-
ates independently.

The fabricated array is first applied to a small-size image recog-
nition based on Modified National Institute of Standards and Tech-
nology (MNIST) dataset. A training dataset of 60000handwritten digit
images is sent to the ANN for training and then the recognition accu-
racy is obtained by performing validation process using another
10000 hand written digit images. As shown in Supplementary Fig. 18,
three devices exhibit distinct characteristics in terms of nonlinearity
factors and asymmetric ratios47. ForDevice 1, the nonlinearity factor of
LTP and LTD is 0.48 and -0.21, respectively, indicating a relatively high
degree of symmetry. In contrast, Devices 2 and 3 show higher LTP
linearity, with nonlinearity factors of -1.0 and -0.95, respectively.
However, the LTD processes of these two devices exhibit pronounced
nonlinearity and asymmetry. It can be observed that the device with
higher symmetry (Device 1) achieves better accuracy, whereas Devices
2 and 3, which exhibit lower symmetry, result in relatively poorer
recognition performance. To address the issue of non-ideal synaptic
behavior, a gradually increasing pulse voltage scheme was employed
to mitigate the nonlinearity caused by the rapid conductance drop
during the initial LTDpulses48. Inparallel, algorithmic optimizationwas
implemented to improve the recognition accuracy of the neural net-
work under such non-ideal synaptic conditions (Methods and Sup-
plementary Fig. 19). The ANN construction and the evolution of image
with epoch numbers during training are shown in Fig. 8f. The MNIST
classification accuracy exceeds 98% (Fig. 8g and Supplementary
Fig. 20), which is comparable with purely software results. Figure 8h
and Supplementary Figs. 21 and 22 illustrate the change in average
accuracy and uniformity across different model sizes. It is evident that
as the model size increases, the overall accuracy improves while the
variation rate decreases.

Having achieved a uniformarray, we further extend its application
to convolutional image processing. Various convolution kernels are
used to extract features from target images: Prewitt and Sobel kernels
aremainly used for edge detection, the Embossment kernel adds a 3D-
like effect, the Identity kernel is used for testing or skipping proces-
sing, and the Sharpen kernel enhances image details11,49. The target
image was used as input for various convolutional kernel operations.
Then the image grey scale intensity is divided into 3 × 3 sub-images.
The sub-images are mapped into voltages and applied to the rows of
the array, constructing various target convolutional kernels (Fig. 8i).
The dot product of input voltages and conductance values could be
naturally achieved by Ohm’s Law and Kirchhoff’s current law. The
detailed multiple state information and hardware kernel configura-
tions are shown in Supplementary Table 1 and Supplementary Fig. 23,
respectively. The conductance (G) matrix mapping of Prewitt hor-
izontal kernel is shown in Fig. 8j and other G matrix mappings are
shown in Supplementary Fig. 23, respectively. Figure 8k, l and Sup-
plementary Fig. 24 show the close agreement between the hardware-
based and software-based convolutional kernel processing results
demonstrates the potential of our ANN system for edge detection in
image processing applications.

Discussion
We successfully demonstrated scalable MoS2 memtransistor arrays
with precise Schottky barrier modulation, achieved through con-
trolled oxidation engineering to regulate vacancy distribution and
migration dynamics. This approach enables high ON/OFF ratios (up
to 105), multilevel conductance states, and uniform device

characteristics, with device-to-device variation maintained below
6.8% and a fabrication yield of 100%. The memtransistor arrays were
further integrated into a hardware-based ANN with synaptic weights
encoded as resistive states, achieving over 98% classification accu-
racy in image recognition tasks.

Beyond immediate performance enhancements, our results
reveal that a limited number of vacancies localized near the contacts
can effectively modulate the Schottky barrier. In contrast, vacancies
situated far from the contacts or present in excessive concentrations
predominantly lead to undesirable charge trapping, which degrades
device performance. These findings underscore the importance of
spatially controlled vacancy engineering—specifically, confining
vacancy formation to regions near the contacts—to optimize Schottky
barrier modulation. Such a strategy is crucial for advancing single-
crystalline TMDC-based devices toward high-density, low-power neu-
romorphic computing applications. The demonstrated scalability
down to 500nm channel lengths, along with the theoretical feasibility
of further miniaturization without compromising switching char-
acteristics, suggests that 2Dmemtransistor arrays can provide a viable
pathway for beyond-CMOS neuromorphic processors. Looking for-
ward, integrating this approachwith advanced fabrication techniques,
multi-layer stacking, or hybrid CMOS-2D architectures could further
enhance device performance and enable large-scale, energy-efficient
AI accelerators50–52. By addressing key challenges in device uniformity,
scalability, and neuromorphic integration, this study establishes a
practical and scalable framework for 2D memtransistor-based ANN
hardware, bridging the gap between emerging material innovations
and real-world AI applications.

Methods
Characterization
Raman measurements were performed using a WITec Alpha 300R
confocal Raman microscope with a 532 nm laser. Cross-section sam-
ples were prepared using a dual-beam focused ion beam (FIB) system
(FEIHeliosNanolab 450S). TEMcharacterization and image acquisition
were performed using an FEI Titan 80–300 TEM system operating at a
200 kV accelerating voltage. The XPS core-level spectra wasmeasured
in a ultrahigh vacuum chamber (base pressure ~ 10-10mbar) and
obtained using Al Kα radiation (hν = 1486.61 eV). UPS spectra were
acquired using a He Ⅰ ultraviolet light source (SPECS UVS 10/35, hν =
21.22 eV) with a take-off angle of 45o. A negative bias of -7 V relative to
the ground was applied to the sample. For STM and STS character-
izations, theMLMoS2 samplewas grownon theHOPG substrate by the
chemical vapor deposition (CVD) process. The MoS2/HOPG sample
was annealed in UHV chamber at 150 °C for 3 h before the STM/STS
characterization. The tip state was calibrated on the Au(111) surface
before STS measurement. All the STM/STS data were acquired at 77 K.
STS spectrawas acquiredusing a standard lock-in techniquewith abias
modulation of 10mV at 963Hz.

Singlememtransistor fabrication and electrical characterization
FL MoS2 or MoTe2 flakes were mechanically exfoliated from the high-
quality bulk crystals (HQ Graphene) onto polydimethylsiloxane
(PDMS) and transferred onto 300nm SiO2/Si wafers. Then, the elec-
trode patterns were defined using JEOL electron-beam lithography
(JBX-6300FS). Ti/Au (5 nm/50 nm) metals were deposited by electron-
beam evaporation followed by the standard lift-off process. The oxi-
dized patterns were also defined using electron-beam lithography and
exposed to oxygen plasma in a Vita-Mini RIE system. For the oxygen
plasma treatment process, the etch power was set to 10W and the gas
flow rate was 10 sccmwith a processing time of 5 s, 10 s and 20 s. After
the standard lift-off process, the as-made devices were wire-bonded
onto chip carriers and measured in an ambient environment. The
electrical measurements were conducted using an Agilent 2192 A
source measure unit.
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Array fabrication and electrical characterization
ML and FL MoS2 samples were grown on 300nm SiO2/Si substrate
through the CVD process. MoO3 (99.999 %) was used as the molybde-
num source, and solid sulfur (99.999 %) was used as the sulfur source.
Argon was used as the carrier gas. A dual-zone tube furnace with an
80mm diameter quartz tube was employed. For ML MoS2 growth, the
temperature of theMoO3 zone was raised to 650 °C, and the sulfur zone
was heated to 180 °C. The growth was carried out under a pressure of
4000Pa for 10min on the substrate. For FL MoS2 growth, the tem-
perature of theMoO3 zonewas raised to 650 °C, and the sulfur zonewas
heated to 180 °C. The growth was carried out under a pressure of
1000Pa for 20min on the substrate. The electrode array patterns were
defined using JEOL electron-beam lithography (JBX-6300FS). Ti/Au
(5 nm/50nm) metals were deposited by electron-beam evaporation
followed by the standard lift-off process. Then, the channel patterns
were defined using JEOL electron-beam lithography (JBX-6300FS) and
etched using a Vita-Mini RIE system followed by the standard lift-off
process. The oxidized patterns were also defined using electron-beam
lithography and exposed to oxygenplasma in a Vita-Mini RIE system. For
the oxygen plasma treatment process, the etch power was set to 10W
and the gas flow rate was 10 sccmwith a processing time of 2 s/4 s. After
the standard lift-off process, the arrays were measured in an ambient
environment. The electrical measurements were conducted using a
probe station connected to an Agilent 2192A source measure unit.

ANN system fabrication and electrical measurement set-up for
image processing
The 5 × 5 memtransistor array was made by the same array fabrication
process for the ANN system. Electrical characterization was first per-
formed on each individual memtransistor cell using both d.c. sweeps
and pulsed voltage measurements to obtain the corresponding elec-
trical responses. These collected signals from all array elements were
then assembled and input into the image processing and recognition
algorithm implemented within the ANN framework.

ANN algorithm
The input data were first preprocessed using max-pooling to reduce
computational complexity. A dropout layer was used to minimize the
risk of overfitting. A ReLU activation function was employed to reg-
ulate the nonlinear and asymmetric conductance updates, enhancing
the contribution from LTP while suppressing the effect of LTD. To
evaluate the influence of network capacity, models with different sizes
(neurons) were tested. The results indicated that larger networks
achieved higher recognition accuracy. The Adam optimizer was used
to adaptively adjusts the learning rate and enhances convergence
stability under noisy and non-ideal synaptic conditions. The optimi-
zer’s ability to manage sparse and unstable gradients helps mitigate
the impact of non-ideal synaptic behavior, making it suitable for
memristor-based neural network training.

Data availability
The Source data underlying the figures of this study are available with
thepaper. All rawdata generatedduring the current study are available
from the corresponding authors upon request. Source data are pro-
vided with this paper.

Code availability
Code for the memristor-based neural network is available from the
corresponding authors upon request.
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