
Nanoscale

PAPER

Cite this: DOI: 10.1039/d5nr02690c

Received 25th June 2025,
Accepted 25th October 2025

DOI: 10.1039/d5nr02690c

rsc.li/nanoscale

Fast prototyping of memristors for ReRAMs and
neuromorphic computing

Gianluca Marraccini, *a,b Sebastiano Strangio, a Elisabetta Dimaggio, a

Riccardo Sargeni, a,c Francesco Pieri, a Yigit Sozen,d

Andres Castellanos-Gomez d and Gianluca Fiori a

The growing demand for energy-efficient computing in artificial intelligence requires novel memory

technologies capable of storing and processing information. Memristors stand out in thanks to their ability

to store information, mimic synaptic behavior and support in-memory computing architectures while

requiring minimal active areas and energy consumptions. Here is presented a scalable and cost-effective

approach to fabricate Ag/MoS2/Au memristors as resistive switching memory devices by combining roll-

to-roll mechanical exfoliation of two-dimensional materials with inkjet printing. These devices exhibit

reliable non-volatile switching behavior attributed to the formation and dissolution of metallic conductive

filaments within the MoS2 layer, with high resistance ratios and robust retention times. A fully-connected

neural networks is simulated using quantized weights mapped onto a virtual memristor crossbar array

demonstrating that classification tasks can be performed with high accuracy even with limited bit-width

precision, highlighting the potential of these devices for energy-efficient, high-throughput AI hardware.

1 Introduction

Random Access Memories (ReRAMs) are a well-established
class of non-volatile memory devices in which the basic
memory cell consists of a resistive switching element capable
of changing its conductance in response to an external electri-
cal stimulus. This effect is typically achieved through abrupt
conductance changes triggered by voltage pulses applied
across the device terminals. Since their initial study in the
1960s,1 memristive devices have gained significant attention
due to their simple structure, their potential for high inte-
gration density, and their use in non-Von Neumann architec-
tures.2 Over the years, several resistive switching mechanisms
have been discovered and investigated.3–6 Among these, phase-
change memristors rely on a reversible transition between dis-
tinct structural phases, such as crystalline to amorphous
lattice (as seen in doped GeSbTe).7 In these materials, ther-
mally activated crystallization induces a lattice rearrangement
from the amorphous phase to a crystalline phase, while a

return to the amorphous state is achieved by melting and
abruptly cooling the material.

Another class are conductive filament (CF)–based memris-
tors, which operate through the drift of metal ions under an
applied electric field. This can cause either the formation or
the rupture of conductive paths between the device
terminals.8–11 which eventually leads to a low resistive state
(LRS) or a high resistive state (HRS), respectively. The simplest
structure for CF memristors is characterized by two metal elec-
trodes separated by a switching layer (SL) material The two
electrodes are usually made of metals (e.g., copper or silver),
noble metals (platinum or gold) or carbon-based materials,
and they can either contribute to the switching phenomenon
or simply act as current conductors. The SL is the material
layer where the conductance switch takes place. The most
common materials for the SL are oxides (e.g. TiOX, AlOX),

12–14

perovskites or two-dimensional materials, such as Transition
Metal Dichalcogenides (TMDs).15–18 When the SL is only a few
atomic layers thick, Schottky emission and direct tunneling
effects become the dominant transport mechanisms. In these
cases, the HRS is primarily governed by thermionic current,
while the LRS is characterized by tunneling current. This tran-
sition can be identified through the temperature-dependent
current behavior, where the Schottky effect current equation
I / T2e�

α
T

� �
is the best fitting curve of experimental data,

whereas direct tunneling exhibits an inverse relationship with
temperature.19 An interesting application of two-dimensional
material-based memristors can be found in neuromorphic net-
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works and architectures, where they show promising character-
istics, such as gradual conductance changes, which mimic bio-
logical synapses and neural plasticity.20,21 For this purpose,
both volatile22 and non-volatile23–26 memristors have been
extensively employed. Volatile memristors are used for Spiking
Neural Networks (SNNs),27 which encode information in pulse
timing and rate. On the other hand, non-volatile memristors
are suitable for multi-time programmable Read-Only Memory
(ROM) applications, as they offer extended data retention,
ranging from hours to years (demonstrated in simulations).26

An intriguing feature of the latter devices is their ability to
support multiple stable resistance states,28,29 enabling multi-
bit storage within a single cell or even analog data representa-
tion. This property has generated considerable interest in the
research community, as it allows for the direct implementation
of analog dot-product operations through memristor crossbar
arrays.30 Such operations are fundamental for neural network
processing and could significantly reduce the area and energy
requirements associated with conventional digital multipliers.

In this work, a memristor with two stable resistance states
was fabricated using a low-cost, high-throughput approach.
The device consists of inkjet-printed silver and gold contacts
on the top and bottom sides, respectively, of a semiconducting
MoS2 layer, which is deposited via a roll-to-roll technique.31

Electrical characterization confirmed that the device can be
electrically switched between high- and low-resistance states. It
is supposed that when a positive voltage is applied to the silver
contact, silver ions migrate towards the gold electrode, leading
to the formation of a conductive filament within the exfoliated
MoS2, following the mechanism demonstrated by the work of
Yang et al.8,32 Conversely, applying a reverse voltage is pre-
sumed to dissolve the filament, restoring the high-resistance
state. Electrical measurements were performed to derive the
current–voltage characteristic of the devices and extract the key
parameters and their statistical distribution.

These parameters were then used to simulate a neural
network using a large-scale memristor-based crossbar array. In
the simulation, a deep neural network was trained, and its
parameters (i.e., weights and biases) were quantized from float-
ing-point to signed integer, so that they could be implemented

using our memory-cell devices. This quantization reduced the
bit-width required for storage and the corresponding proces-
sing complexity, enabling efficient deployment in the simu-
lated memristor array.

Simulation results showed that, for a simple dataset consist-
ing of schematic representations of digits 0 to 9, an accuracy of
100% was achieved using 3-bit parameters in a fully connected
neural network with three layers (i.e., parameter values ranging
from −4 to 3). When applied to the more complex Modified
National Institute of Standards and Technology (MNIST) dataset,
a 94% accuracy was obtained with 4-bit precision, requiring an
architecture with four layers and a higher number of neurons.

2 Experimental

The structure of the proposed vertical memristors is shown in
Fig. 1a and b. It consists of a stacked configuration, where the
bottom contacts (BC) is composed by a conductive line
oriented perpendicular to an overlapped top contacts (TC) sep-
arated by a SL in between. The CF is expected to form within
the SL under an electrical stimulus, as shown in Fig. 1c.

The SL in this work is obtained through the roll-to-roll
process, first demonstrated by some of the authors of the
present work31 and shown in Fig. 1d. In particular, a molyb-
denite crystal is first mechanically exfoliated onto a Nitto tape
and, after the roll-to-roll process, a high density distribution of
mechanically exfoliated MoS2 nanosheets on the tape is
obtained. These nanosheets are then transferred onto an accep-
tor substrate by placing the tape in contact with the surface
and heating it at 110 °C for 5 minutes. To enhance the transfer
of MoS2 flakes from the tape to the substrate, it is essential that
the target substrate is very clean. To ensure cleanliness, the
SiO2 substrate undergoes a sequential cleaning process: first, a
5 minute sonication in Acetone (ACE) removes the major con-
taminants, followed by a rinse with Isopropilic Alcohol (IPA) to
eliminate residues. Finally, the substrate is treated in a UV
cleaner for 10 minutes before the MoS2 transfer step.

When the substrate is clean, silver BCs are Inkjet printed in
a crossbar array. In order to keep each BC pad separated from

Fig. 1 (a) Strip of exfoliated MoS2 sandwiched between a silver bottom and a gold top contact, making an isolated “crossbar array” of memristors.
(b) Cross section of a device with Ag/MoS2/Au structure (c) working principle of a memristor. A positive bias voltage let a conductive filament grow
and short the two contacts, an opposite voltage let the filament retract and a higher resistance state is reached. (d) Photo of the two rollers used to
carry out the high throughput mechanical exfoliation.
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the MoS2 area, they are printed with a “U-shape” design. The
BCs horizontal lines measure 2 mm × 100 μm, while the verti-
cal are 50 μm × 100 μm. In each row, two mirrored contacts
with respect to the substrate axis are fabricated to double the
number of devices per batch, while maintaining the isolation
between adjacent structures (Fig. 2a). A lateral mask made
from Nitto tape is manually applied to define the active
channel area and protect the silver pads from being coated
with MoS2 during the exfoliation step (Fig. 2b and h). This
masking ensures that the electrodes remain exposed for later
contact. However, the thickness of the Nitto tape (∼80 μm) sets
a limit on the minimum size of the exposed window. In prac-

tice, the uncovered area must be at least 2 mm × 2 mm to guar-
antee conformal contact between the MoS2-coated tape and
the SiO2 substrate during the transfer process.

Two Nitto tape strips are mounted on the rollers in Fig. 2c.
The MoS2 flakes are first exfoliated with Scotch-tape method
and placed on one of the Nitto strips. The rollers are rotated
using an electric screwdriver to thin down and evenly distri-
bute the MoS2 flakes across the adhesive surface. This process
continues until the tape is uniformly covered, avoiding the
presence of bulk material (Fig. 2g). The exfoliated MoS2 is then
transferred onto the substrate (Fig. 2d and h) by applying a
gentle pressure with tweezers, followed by heating on a hot-

Fig. 2 Main fabrication process steps of the Vertical memristors. (a) Silver BCs are inkjet printed with a silver nanoparticle ink. The area where the
two contacts are ovrelapped is ∼60 μm × 60 μm. (b) The BC pads are covered by a hand-cut mask made of Nitto tape to avoid coverage by MoS2
flakes. (c) With the Scotch-tape exfoliation method, bulk flakes of MoS2 obtained by a molybdenite crystal are first positioned on the Nitto tape sur-
rounding the two rollers. By spinning the two cylinders together the bulk flakes spread over the tape, and a uniformly MoS2 covered area is obtained.
(d) A few strips are cut from this tape and transferred on the printed BC, following the thermal release transfer described in the text. This step is
repeated until the BC is fully covered. (e) The pad mask is removed and the batch is cleaned in acetone (heated at 40 °C); acetone residues are then
removed with a quick bath in IPA the batch is dried on a hot plate at 110 °C. (f ) Gold TCs, with additional lateral silver pads for external electrical
contact, are finally printed. (g) Optical photo of the exfoliated MoS2 on Nitto tape after the step in panel c. (h) Optical photo of the silver BC covered
with the Nitto Mask and the first transfer of the semiconductor. (i) Optical photo of the completed devices, with the gold TC crossing the vertical
part of the BC.
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plate for 5 minutes at 110 °C leading to a thermal release of
the exfoliated nanosheets onto the acceptor surface. This step
is repeated multiple times to ensure complete coverage of the
whole BCs, to avoid pinholes between the TC and the BC.
The MoS2 active layer is formed by 20 sequential transfers,
each contributing a dense network of nanosheets. From
related cross-sectional SEM investigations of sequentially
transferred MoS2 films (to be reported separately), we found
that each transfer typically adds 40–50 nm of thickness. Based
on this, we estimate that the present devices employ an
active layer in the 800–1000 nm range, as confirmed by a pro-
filometer scan of the device area reported in Fig. S1. While the
precise thickness is not critical for filamentary resistive switch-
ing, the reproducibility of the I–V characteristics across a large
batch of devices indicates that the sequential transfer process
ensures a continuous coverage of the active area of the devices,
enabling stable operation. The morphology of the exfoliated
MoS2 nanosheets obtained by the roll-to-roll process has been
characterized in detail by AFM in our previous work,31 where a
statistical analysis of nearly 200 flakes revealed a mean thick-
ness of 40 nm and lateral sizes of a few to tens of micrometers.
These dimensions are consistent with the 40–50 nm/transfer
thickness inferred from cross-sectional SEM and confirm the
suitability of the exfoliated flakes as building blocks for con-
tinuous active layers in memristive devices.

Once the middle area of the BCs is completely covered by the
SL, the side mask is removed and the batch is cleaned in hot
ACE (15 min at 40 °C), then rinsed in IPA and annealed on a hot
plate at 110 °C for 20 minutes to remove any Nitto tape residues.
Finally, the gold TC are printed on top of the stack (Fig. 2f and
i), by heating the printer platen at 55 °C to enhance the wettabil-
ity of the non-planar SL. Wider pads for the TC are printed
outside the rough region, directly on SiO2 with silver ink, to
improve the mechanical contact with the probe tip. At an early
stage of this work, both contacts were printed using silver ink.
The devices were observed to switch correctly into the LRS once
the applied voltage exceeded VSET; however, they did not revert to
the HRS even under large negative bias. This irreversible behav-
ior is consistent with a switching mechanism based on the for-
mation and break of metallic dendrites originating from the Ag
electrode. In a symmetric structure, such directional filament
dynamics are suppressed, preventing reliable RESET operations.

3 Results and discussion
3.1 Electrical characterization

In Fig. 3a, we show the I–V characteristics of the two-terminal
device, taken with a four step segment sweep: starting from
zero voltage and increasing to the maximum set voltage, then

Fig. 3 (a) Multiple Current–Voltage sweeps applied to a single devices, in red the first one and in blue the last. Different instrument current com-
pliances (CCs) have been tested (b) RESET voltage measured for different devices, the statistical distribution was best fitted with a lognormal func-
tion with an average value (μ) of −0.025 and a standard deviation (σ) of 0.810 (c) SET voltages measured for different devices, the lognormal distri-
bution in this case has μ: 0.202 and σ: 0.776 (d) 2D plot showing the resistance values for the two states for different devices. Three areas are high-
lighted depending on the resistance ratio between the two states, the majority of the devices has its states separated by at least 103. (e) A read/write
voltage waveform is applied to the device. 2 V/−2 V × 20 ms voltage pulses are the Write (SET/RESET) pulses and 100 mV × 20 ms are the Read
pulses. (f ) Read current after a SET voltage sweep. Consecutive sweeps have been applied at increasing instrument CC.
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decreasing back to zero, followed by a sweep to the minimum
reset voltage, and finally returning to zero. During the first two
segments, a fixed CC was applied to limit the growth of the CF
and extend the device lifespan;33 several CCs have been tested,
from 10 μA to 1 mA. In the third segment, the CC was
removed, allowing the applied voltage to break the CF, thus,
switching the device from the LRS to the HRS. Analysis of the
voltage–current characteristics in linear scale provides insight
into the switching mechanism (SI, Fig. S2). In the LRS, the
current increases linearly with voltage, consistent with Ohm’s
law and indicative of metallic conduction through a conductive
silver filament. By contrast, fitting the HRS curve yields a
quadratic dependence (I ∝ V2), characteristic of Space Charge
Limited Conduction (SCLC),34 in agreement with numerous
reports in the literature.26,32,35–39

Four key device parameters were extracted from measure-
ments: set voltage, reset voltage, resistance in the LRS and re-
sistance in the HRS. The set and reset voltages (VSET and VRST,
respectively) correspond to the voltages at which the current
changes abruptly, during the forwards and backwards sweeps,
respectively. These values were obtained by calculating the
derivative dI

dV and reading the voltages at which the minimum
and maximum occurs (Fig. S3). The evolution of these para-
meters after consecutive sweeps is unpredictable as it can be
seen in Fig. S4. However, since the digital logic only requires a
clear distinction between the high- and low-resistive states, the
precise control of the switching voltage and conductance is
not needed and applying ±5 V would results in the correct
SET/RESET of the device. Another important parameter is the
endurance, that represent the maximum number of program-
ming cycles before the failure of the device. The performed
measurements reports that the maximum endurance for our
devices is 20, after that the memristor switches permanently to
the LRS (Fig. S5).

The histogram in Fig. 3b and c shows the distribution of
VSET and VRST for the 47 functioning devices (with an average
yield of 40% per batch). These values are significantly influ-
enced by the SL thickness and the pre-form sweep. Following
the statistical analysis, a global SET voltage of 5 V and a reset
voltage of −5 V have been chosen to ensure a reliable execution
of the writing operation. The high- and low-resistance states
were determined by dividing the voltage of the first sample in
the third sweep segment by the corresponding current, produ-
cing the scatter plot in Fig. 3d. Three main regions are high-
lighted, based on the ratio between the x-axis (LRS values) and
the y-axis (HRS values), with each data point representing the
two resistance values for different devices. The majority of
memristors have a current ratio larger that 103, with some
even reaching 104. The HRS values show larger dispersion,
ranging from 10 kΩ to 100 MΩ. These two resistance states are
further confirmed in the pulsed voltage test (Fig. 3e), where
consecutive voltage pulses were applied until the current
measured during a read pulse exceeded a predefined threshold
value. The same procedure applies to the reset pulses. The
applied pulses were 20 ms long and had an amplitude of 2/−2
V for the set/reset operation and 100 mV during the read.

From these measures the switching speed can also be evalu-
ated and it is estimated to span from 100 ms to lesser than
20 ms, depending on the amplitude and the CC of the instru-
ment (Fig. S6).

Additionally, a series of consecutive SET sweeps were per-
formed with progressively increasing CC followed by a read
pulse to measure the current state, as shown in Fig. 3f. For
very low compliances (i.e. 1 μA to 10 μA) the memristor exhibits
a volatile data retention that turns into non-volatile when the
CC is increased. In the first case, during the set sweep, it could
be seen that the current abruptly switch from the HRS to the
LRS, but the consecutive reading results in a low current,
implying the loss of the write operation. The CC value to
achieve the non-volatile state has a wide dispersion and some-
times it is not uniquely defined (Fig. S7), but it has been seen
that for CC larger than 100 μA, the non volatile state was
always achieved with data retention time longer than 103

seconds (Fig. S8). However, increasing CC to the milliampere
range led to a reduction in device lifespan, likely due to exces-
sive CF growth, which prevented the device from reverting to
the HRS.

In Table S1 (SI), we present a comparison of performance
parameters across different memristive devices reported in the
literature. The key contribution of this work lies in demonstrat-
ing a novel and fast fabrication method to realize ReRAM
devices with competitive characteristics.

3.2 ReRAM simulation

From the previous measurements, the statistical distribution
of the four key memristor parameters was evaluated to simu-
late their application as a ReRAM for storing the weights and
biases of a fully connected neural network. The network’s
objective was to classify 5 × 4 pixel images representing sche-
matic versions of the digits 0 to 9.

These simulations has been performed with the Tensorflow
python package, building a sequential model with increasing
number of neurons and weights to minimize the required bit-
width for parameter storage.40 Since this package performs the
backpropagation algorithm only with float32 datatype and
does not allow to work with custom integer sizes, the approach
proposed in this article consisted in a standard network train-
ing performed by the instruction model.fit() followed by a
datatype conversion. Once the accuracy of the network reaches
a value near 100% and the total loss is small, each layer vari-
ables were normalized to assume values ranging from −1 to 1,
then multiplied the maximum value of the binary word (in C2
representation).

Simulation results have shown that a two-layer network
with 10 neurons per layer could successfully classify all images
in the dataset, even after weights and biases were quantized to
integer formats ranging from 32-bit down to 8-bit. However, at
4-bit precision, accuracy degradation became evident, requir-
ing the addition of new layers. A three-layer fully connected
network (Fig. 4d) achieved 100% accuracy, with input and
hidden layers consisting of 20 neurons each, and an output
layer containing 10 neurons (Fig. 4b).
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The trained parameters were then mapped onto a simulated
memristor array, where each cell was implemented as a Python
class containing four key parameters selected randomly from
their measured distribution. Each virtual memristor had
unique resistance states and set/reset voltages and represented
a single-bit weight. As a result, the memristor array size was
three times larger than the original neural network parameter
array. Writing or resetting each cell was simulated by applying
an appropriate voltage, chosen after the analysis of the evol-
ution of VSET and VRST to its terminals. To evaluate robustness,
noise was introduced during inference by flipping a random
pixel in each digit of the dataset. Due to the small size of the
dataset (10 images), the noise has reduced the classification
accuracy (Fig. S9) but it heavily depends on the flipped pixel,
resulting in 100% accurate prediction down to 70%. The

impact strongly depended on which pixel was corrupted, as a
single flip could effectively transform a digit into something
visually close to another, justifying the resulting
misclassifications.

Then, the network has been extended to classify the more
complex MNIST dataset with the same approach illustrated
previously (Fig. 4e). The network has been first trained with all
parameters in the float32 format, and then the weights have
been quantized into a representation with decreasing number
of bits. It has been observed that a network with four fully con-
nected layers, i.e., an input, two hidden and an output layer
with 10 neurons, provides an accuracy near 97% when its vari-
ables are converted from floating point to 4 bit signed integer.
Increasing the number of neurons or layers does not enable
the network to achieve similar classification accuracy with

Fig. 4 (a) Schematic of the performed simulation to train a neural network with post-train quantized weights and biases. (b) Schematic of the struc-
ture of the neural network implemented to recognize a simple dataset containing the digits from 0 to 9. (c) Memristors crossbar array, with an
enable-transistor in series to access a single cell without sneak current paths. Using the crossbar array as a ReRAM, it is possible to store and load
values for the parameters of the network in a two’s complement. (d) Layout of the fully connected network used to recognize the simple dataset
coded in 3 bits integers parameters with the corresponding confusion matrix obtained during inference. (e) Layout of the fully connected neural
network used to recognize the MNIST dataset.
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fewer bits per weight. Nonetheless, a simple memristor cross-
bar array provides a feasible means to store weights and
biases.

Conclusions

In this work, Ag/MoS2/Au memristors were fabricated using a
high-throughput, low-cost approach, combining mechanical
exfoliation and inkjet printing to define the switching layer
(SL) and metal electrodes, respectively. Electrical characteriz-
ation have shown abrupt resistance switching in the fabricated
devices, likely governed by the formation and dissolution of
silver conductive filaments across MoS2 layer. The devices
exhibited a resistance ratio ranging from 102 to 104 and reten-
tion times exceeding 103 seconds, confirming their suitability
for non-volatile memory applications.

To explore their potential for neuromorphic computing,
the fabricated devices were modeled in a ReRAM-based
crossbar array to store neural network parameters. A simple
digit recognition task was implemented, demonstrating that
three-bit integer quantization of network weights and biases
did not degrade accuracy. However, to achieve over 90%
accuracy on a larger neural network for MNIST dataset
classification, at least four-bit parameter quantization is
required.

These findings suggest that 2D-material-based memris-
tors are viable candidates for non-volatile memory and neu-
romorphic computing applications. Future work will focus
on the physical integration of access transistors to enable
large-scale crossbar arrays and the exploration of multi-
level resistance states by tuning compliance currents
during the SET process. If these memristors can reliably
achieve multiple resistance levels, they could be leveraged
to enable a direct in-memory implementation of vector-
matrix multiplication, accelerating neuromorphic and AI-
driven computations.

Conflicts of interest

There are no conflicts to declare.

Data availability

Data for this article, including all excel files used for statistics
and characterization will be available at Zenodo [https://doi.
org/10.5281/zenodo.17481788], the python code written to
perform the simulation and the neural network is available on
GitHub [https://github.com/Gmarraccini/ReRAM] and Google
Colab for the 4 bit Network used for the classification of the
MNIST dataset [https://colab.research.google.com/drive/
18qYdLm4wybe9RAYBI324uCeWs2JhDxpQ?usp=sharing].

Supplementary information (SI) is available. See DOI:
https://doi.org/10.1039/d5nr02690c.

Acknowledgements

Authors gratefully acknowledge financial support from the
ERC SKIN2DTRONICS (Contract Number 101167218) and the
ENERGIZE (Contract Number 101194458) projects. Authors
gratefully acknowledge also the Italian Ministry of Education
and Research (MIUR) in the framework of the FoReLab project
(Departments of Excellence) and the Piano Nazionale di
Ricerca e Resilienza - PNRR (CN00000013). This work was also
funded by the Ministry of Science and Innovation (Spain)
through the projects (PDC2023-145920-I00 and PID2023-
151946OB-I00) and the Severo Ochoa Centres of Excellence
Program through Grant CEX2024-001445-S and the European
Research Council through the ERC-2024-PoC StEnSo (grant
agreement 101185235). The graphical abstract and Fig. 1, 2,
and 4 were created, in part, with Blender via Blender Foundation.

References

1 Y. Chen, IEEE Trans. Electron Devices, 2020, 67, 1420–1433.
2 S. Kundu, P. B. Ganganaik, J. Louis, H. Chalamalasetty and

B. P. Rao, IEEE Trans. Very Large Scale Integr. (VLSI) Syst.,
2022, 30, 755–768.

3 W. Huh, D. Lee and C.-H. Lee, Adv. Mater., 2020, 32,
2002092.

4 P. Thakkar, J. Gosai, H. J. Gogoi and A. Solanki, J. Mater.
Chem. C, 2024, 12, 1583–1608.

5 K. A. Nirmal, D. D. Kumbhar, A. V. Kesavan, T. D. Dongale
and T. G. Kim, npj 2D Mater. Appl., 2024, 8, 83.

6 J. Symonowicz, D. Polyushkin, T. Mueller and G. Di
Martino, Adv. Mater., 2023, 35, 2209968.

7 M. Cassinerio, N. Ciocchini and D. Ielmini, Adv. Mater.,
2013, 25, 5975–5980.

8 S.-C. Tsai, H.-Y. Lo, C.-Y. Huang, M.-C. Wu, Y.-T. Tseng,
F.-C. Shen, A.-Y. Ho, J.-Y. Chen and W.-W. Wu, Adv.
Electron. Mater., 2021, 7, 2100605.

9 K. Zhu, G. Vescio, S. González-Torres, J. López-Vidrier,
J. L. Frieiro, S. Pazos, X. Jing, X. Gao, S.-D. Wang,
J. Ascorbe-Muruzábal, et al., Nanoscale, 2023, 15, 9985–9992.

10 H. Yan, P. Zhuang, B. Li, T. Ye, C. Zhou, Y. Chen, T. Li,
W. Cai, D. Yu, J. Liu, et al., Adv. Electron. Mater., 2024,
2400264.

11 R. Khan, S. Iqbal, K. N. Hui, E. A. Khera, S. Kalluri,
M. Soliyeva and S. Sangaraju, Sens. Actuators, A, 2025, 385,
116316.

12 R. Khan, F. Raziq, I. Ahmad, S. Ghosh, S. Kheawhom and
S. Sangaraju, ACS Appl. Electron. Mater., 2025, 7, 73–85.

13 R. Khan, N. U. Rehman, R. Thangappan, A. Saritha and
S. Sangaraju, Nanoscale, 2025, 17, 11152–11190.

14 R. Khan, F. Raziq, I. Ahmad, S. Ghosh, S. Kheawhom and
S. Sangaraju, ACS Appl. Electron. Mater., 2024, 7, 73–85.

15 Y. Xiao, B. Jiang, Z. Zhang, S. Ke, Y. Jin, X. Wen and C. Ye,
Sci. Technol. Adv. Mater., 2023, 24, 2162323.

16 S. Jain, S. Li, H. Zheng, L. Li, X. Fong and K.-W. Ang, Nat.
Commun., 2025, 16, 2719.

Nanoscale Paper

This journal is © The Royal Society of Chemistry 2025 Nanoscale

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

0 
D

ec
em

be
r 

20
25

. D
ow

nl
oa

de
d 

on
 1

2/
19

/2
02

5 
6:

41
:5

9 
A

M
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n 
3.

0 
U

np
or

te
d 

L
ic

en
ce

.
View Article Online

https://doi.org/10.5281/zenodo.17481788
https://doi.org/10.5281/zenodo.17481788
https://doi.org/10.5281/zenodo.17481788
https://github.com/Gmarraccini/ReRAM
https://github.com/Gmarraccini/ReRAM
https://colab.research.google.com/drive/18qYdLm4wybe9RAYBI324uCeWs2JhDxpQ?usp=sharing
https://colab.research.google.com/drive/18qYdLm4wybe9RAYBI324uCeWs2JhDxpQ?usp=sharing
https://colab.research.google.com/drive/18qYdLm4wybe9RAYBI324uCeWs2JhDxpQ?usp=sharing
https://doi.org/10.1039/d5nr02690c
https://doi.org/10.1039/d5nr02690c
http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5nr02690c


17 J. Chen, M. Xiao, Z. Chen, S. Khan, S. Ghosh, N. Macadam,
Z. Chen, B. Zhou, G. Yun, K. Wilk, G. Psaltakis, F. Tian,
S. Fairclough, Y. Xu, R. Oliver and T. Hasan, InfoMat, 2025,
7, e70000.

18 R. Khan, N. U. Rehman, S. Kalluri, S. Elumalai, A. Saritha,
M. Fakhar-E-Alam, M. Ikram, S. Abdullaev, N. Rahman and
S. Sangaraju, Nanoscale, 2025, 17, 13174–13206.

19 R. Ge, X. Wu, M. Kim, J. Shi, S. Sonde, L. Tao, Y. Zhang,
J. C. Lee and D. Akinwande, Nano Lett., 2018, 18, 434–441.

20 M. H. Pervez, E. Elahi, M. A. Khan, M. Nasim, M. Asim,
A. Rehmat, M. A. Rehman, M. A. Assiri, S. Rehman, J. Eom,
et al., Small Struct., 2025, 6, 2400386.

21 H. Duan, D. Wang, J. Gou, F. Guo, W. Jie and J. Hao,
Nanoscale, 2023, 15, 10089–10096.

22 R. Wang, J.-Q. Yang, J.-Y. Mao, Z.-P. Wang, S. Wu, M. Zhou,
T. Chen, Y. Zhou and S.-T. Han, Adv. Intell. Syst., 2020, 2,
2000055.

23 Y. Liu, F. Fischer, H. Hu, H. Gliemann, C. Natzeck,
M. Schwotzer, C. Rainer, U. Lemmer, C. Wöll, B. Breitung,
et al., Adv. Funct. Mater., 2025, 35, 2412372.

24 B. Huber, P. B. Popp, M. Kaiser, A. Ruediger and
C. Schindler, Appl. Phys. Lett., 2017, 110, 143503.

25 C. Ligaud, L. Le Van-Jodin, B. Reig, P. Trousset, P. Brunet,
M. Bertucchi, C. Hellion, N. Gauthier, L. Van-Hoan,
H. Okuno, et al., 2D Mater., 2024, 11, 045002.

26 B. Tang, H. Veluri, Y. Li, Z. G. Yu, M. Waqar, J. F. Leong,
M. Sivan, E. Zamburg, Y.-W. Zhang, J. Wang, et al., Nat.
Commun., 2022, 13, 3037.

27 F. Ponulak and A. Kasinski, Acta Neurobiol. Exp., 2011, 71,
409–433.

28 M. Rao, H. Tang, J. Wu, W. Song, M. Zhang, W. Yin,
Y. Zhuo, F. Kiani, B. Chen, X. Jiang, et al., Nature, 2023,
615, 823–829.

29 X. Feng, Y. Li, L. Wang, S. Chen, Z. G. Yu, W. C. Tan,
N. Macadam, G. Hu, L. Huang, L. Chen, et al., Adv.
Electron. Mater., 2019, 5, 1900740.

30 A. Amirsoleimani, F. Alibart, V. Yon, J. Xu,
M. R. Pazhouhandeh, S. Ecoffey, Y. Beilliard, R. Genov and
D. Drouin, Adv. Intell. Syst., 2020, 2, 2000115.

31 Y. Sozen, J. J. Riquelme, Y. Xie, C. Munuera and
A. Castellanos-Gomez, Small Methods, 2023, 7, 2300326.

32 Y. Yang, P. Gao, S. Gaba, T. Chang, X. Pan and W. Lu, Nat.
Commun., 2012, 3, 732.

33 T. Li, H. Yu, S. H. Y. Chen, Y. Zhou and S.-T. Han, J. Mater.
Chem. C, 2020, 8, 16295–16317.

34 P. Murgatroyd, J. Phys. D: Appl. Phys., 1970, 3, 151.
35 Z. Wang, S. Joshi, S. E. Savel’ev, H. Jiang, R. Midya, P. Lin,

M. Hu, N. Ge, J. P. Strachan, Z. Li, et al., Nat. Mater., 2017,
16, 101–108.

36 R. Waser, R. Dittmann, G. Staikov and K. Szot, Adv. Mater.,
2009, 21, 2632–2663.

37 W. Tong and Y. Liu, Sci. China Inform. Sci., 2023, 66,
160402.

38 Y. Ling, J. Li, T. Luo, Y. Lin, G. Zhang, M. Shou and
Q. Liao, Nanomaterials, 2023, 13, 3117.

39 W. Huh, D. Lee and C.-H. Lee, Adv. Mater., 2020, 32, 2002092.
40 V. P. Plagianakos and M. N. Vrahatis, Training neural net-

works with 3-bit integer weights, Proceedings of Genetic
and Evolutionary Computation Conference (GECCO 1999),
1999.

Paper Nanoscale

Nanoscale This journal is © The Royal Society of Chemistry 2025

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

0 
D

ec
em

be
r 

20
25

. D
ow

nl
oa

de
d 

on
 1

2/
19

/2
02

5 
6:

41
:5

9 
A

M
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n 
3.

0 
U

np
or

te
d 

L
ic

en
ce

.
View Article Online

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5nr02690c

	Button 1: 


