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Abstract: A memristor is a promising candidate of new electronic synaptic devices for neuromorphic computing. However,
conventional memristors often exhibit complex device structures, cumbersome manufacturing processes, and high energy
consumption. Graphene-based materials show great potential as the building materials of memristors. With direct laser writing
technology, this paper proposes a lateral memristor with reduced graphene oxide (rGO) and Pt as electrodes and graphene oxide
(GO) as function material. This Pt/GO/rGO memristor with a facile lateral structure can be easily fabricated and demonstrates
an ultra-low energy consumption of 200 nW. Typical synaptic behaviors are successfully emulated. Meanwhile, the Pt/GO/rGO
memristor array is applied in the reservoir computing network, performing the digital recognition with a high accuracy of
95.74%. This work provides a simple and low-cost preparation method for the massive production of artificial synapses with
low energy consumption, which will greatly facilitate the development of neural network computing hardware platforms.
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INTRODUCTION

Current computers in use are mostly designed based on the von Neumann architecture that physically
separates the central processing unit (CPU) and the memory, thus resulting in sequential instruction pro-
cessing, and limited throughput. Due to the von Neumann bottleneck, the throughput rate of the CPU is
greatly restricted and a “storage wall” is formed over time [1]. Therefore, computational efficiency and
power consumption have become very significant problems in the field of artificial intelligence (AI), which
always requires enormous and multi-tasking data-processing. To solve this problem, scientists have proposed
neuromorphic computing (NC) [2], a hardware system that can parallelly perform storage and computing,
simulating the neurobiological structure of the nervous system. Electronic devices with the characteristics of
biological synapses and neurons are an essential part of the realization of NC [3]. Memristors have drawn
great attention to its nonlinear resistance, which can be modulated with the input voltage and current [4].
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More importantly, memristors have demonstrated the potential application for artificial synapses [5–7] and
neurons [8] in NC hardware [9] due to the remarkable data processing capabilities [10].
In 2008, Strukov et al. [11] first manufactured memristive physical devices with the Pt/TiO2/Pt structure.

Conventional memristors were metal-insulator-metal (MIM)-structured two-terminal devices [12]. Metals
(Al [13], Cu [14], Au [15], Ag [16], etc.) are often applied as electrode layer of the memristor and the active
layer of memristor is usually made of metal oxides (HfO2 [17], TaOx [18], Al2O3 [19], TiO2 [20], etc.).
However, memristors with pure metal electrode structure or metal oxide active layer structure require a large
forming voltage [21] and generate a large turn-on current [22], which results in high power consumption and
greatly limits the integration and practical application. Moreover, traditional metal electrode materials are
rigid and cannot meet the development requirements of modern electronic technology such as flexibility,
wear resistance and stretchability [23]. Graphene is a two-dimensional (2D) material with a thickness of only
one carbon atom layer with excellent properties such as ultra-high mobility, ultra-high thermal conductivity,
and transparency [24]. Due to their interesting physical and chemical properties, they have become one of the
most promising candidate materials for memristors [25]. Direct laser writing (DLW) technology is a kind of
micro/nano processing method without mask, widely applicable, and cost-effective [26]. Graphene oxide
(GO) is widely and effectively used in the preparation of graphene due to its strong compatibility, easy
regulation, and large-scale production [27]. Reduced graphene oxide (rGO) can be fabricated by photo-
thermal and photochemical reduction of GO, and the oxygen-containing functional groups attached to the
surface of GO can be effectively removed [28]. The properties similar to graphene make rGO an ideal
material that can be widely used in biological sensors [29], generators [30] or storage devices [31]. The
efficient fabrication method of laser processing made large-scale processing of graphene-based memristive
devices possible [32]. However, DLW is only used for the electrode fabrication of a single device. The
fabrication of memristor arrays for neural network hardware which is an essential step to build NC hardware
is not involved.
Herein, we report the lateral structure memristor based on Pt/GO/rGO, which presents a stable synaptic

learning characteristic with ultra-low energy consumption (200 nW) and good uniformity. With DLW based
on femtosecond (fs) laser, GO was reduced to rGO as an electrode and Pt was used as another electrode. As a
novel 2D material, rGO possesses high crystallinity, high flexibility, great flexibility and mechanical dur-
ability. Using rGO as one electrode of the memristor can overcome the rigidity of the metal electrode, and it is
expected to realize the all-carbon-based memristor, which can better realize the large-scale integration of the
memristor and be compatible with more graphene-based electronic components. GO is employed as an active
layer to make a dynamic memristor that can be repeatedly erased and written. The lateral structure of the
memristor exhibits a greatly simple fabrication process compared to the vertical structure [33] and DLW for
memristor array further realizes high precision, simple and efficient integrated machining method. It may
provide a low-cost and high-efficiency manufacturing process for the practical application of various
electronic devices based on rGO. Furthermore, we applied the 5×1 memristive array to reservoir computing
(RC) system for digital recognition with an accuracy of 95.74%. Our results open a way of low-cost, fast and
simple DLW manufacturing process and the application of micro-nano-size memristive devices in neural
networks.
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RESULTS AND DISCUSSION

Figure 1A shows a schematic diagram of the memristors enabled by DLW, where Pt and rGO are used as two
electrodes of the device and GO is sandwiched between two electrodes as the active layer. An 869 nm thick
GO film (Figure S1, Supporting Information) was prepared on a fused silica substrate by drop-cast method.
The GO films prepared by drip can be transferred to flexible substrates for the integration of flexible devices.
Then a 50 nm thick Pt electrode was prepared on the GO film by magnetron sputtering (see Experimental
Section). The other electrode is obtained by photoreduction of GO into rGO by a DLW systemwith an fs laser
(780 nm wavelength, 80 MHz repetition rate). The width of the GO region between two electrodes is 60 μm
(Figure S2, Supporting Information). Figure 1B shows an optical image of the device under an optical
microscope. DLW is a low-cost, time-saving and mask-less manufacturing process, which can simulta-
neously realize the direct formation and patterning of rGO. The synapse is the part of the brain where the
axons of the anterior neurons and the dendrites of the posterior neurons are connected. The synapse structure
is shown in Figure 1C. The plasticity of synapses is the basis for the brain to realize important functions such
as learning and memory. The lateral structure of Pt/GO/rGO memristors has dynamic characteristic changes
under pulse stimulation to achieve short-term potentiation (STP) and short-term depression (STD). As shown
in Figure 1D, the conductance of the device can be gradually increased under 5 consecutive pulses (5 V,
500 μs). Under the continuous reverse stimuli, the conductance can be decreased continuously. This feature
emulates the STP/STD of synapse, which is a key function of the biological synapses to realize learning and
memory.
To ensure that the GO film is well reduced while not being ablated by a high-power laser, we have studied

the influence of laser power on the degree of reduction of GO. When the laser irradiates the GO surface, the

Figure 1 (A) Schematic drawing of Pt/GO/rGO memristor structure enabled by direction laser writing; (B) an optical image of the Pt/GO/
rGO memristor captured by an optical microscope; (C) schematic image of the synapse stracture; (D) the synaptic potentiation and depression
under the modulation of cyclic pulse signals.
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photothermal and photochemical effect triggered by the laser will remove oxygen-containing functional
groups and increase the percentage of carbon atoms and restore the sp2 hybrid C–C bond [34]. The laser
power can be adjusted to achieve different degrees of reduction to modulate the conductivity of the sample.
As shown in Figure 2, the morphology and chemical structure of GO were studied under irradiation with
different laser powers to avoid high-power laser ablation. Figure 2A shows the scanning electron microscope
(SEM) image of GO surface and rGO enabled by fs DLW with a laser power of 16 mW, with a spot size of
1.9 μm diameter. The laser-treated GO film shows a rough surface with high porosity, which is caused by the
rapid release of gas produced by the removal of oxygen-containing functional groups during the laser
reduction process. The color of rGO under the optical microscope is also significantly different after DLW
(Figure S3, Supporting Information).
After photoreduction process, the depression on the surface of the film can be clearly seen from the atomic

force microscope (AFM) image (Figure 2B). On the surface, the surface sinking after laser irradiation may be
caused by an effect called laser shock hardening in which shock waves due to the momentum transfer of
photons to photon-absorbing atoms recombine atoms in the material [35]. Here, the fs laser beam directly
irradiates and interacts with the GO film, resulting in the removal of oxygen-containing functional groups in
GO [36]. In addition, the point-like topography of the laser acting on the surface of GOwas observed by SEM
and an obvious laser ablation could be seen (Figure S4, Supporting Information). Therefore, here the rGO
surface depression should be due to the mass loss caused by laser ablation [37] and the rearrangement of
atoms. Raman spectroscopy provides an effective way to distinguish GO and rGO by crystal structure
information. The Raman spectra of the GO sample and rGO sample are composed of three characteristic
bands at approximately 1355 (D), 1620 (G), and 2700 cm−1 (2D) in Figure 2C. The change of defects is
mainly characterized by the relative intensity, ID/IG ratio, and the intensity of 2D-band [38]. Therefore,
Figure 2C shows the evolution of defects and the change of layer structure in GO samples with the increase of

Figure 2 Structural characterization of GO and rGO. (A) SEM image of GO and rGO enabled by DLW at a laser power of 16 mW; (B) an
AFM image and line profile of rGO and GO edges; (C) Raman spectra obtained from the GO film before and after the laser reduction for
different laser powers; (D) the C 1s peak from the XPS spectrum of the GO sample; (E) the C 1s peak from the XPS spectrum of the rGO
sample.
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laser power percentage. With the increase of laser power, D and G bands narrow, ID/IG ratio decreases, and the
number of defects decreases. At the same time, the 2D-band representing the graphite state gradually
increases. The structural changes of GO films irradiated by laser were reflected by X-ray photoelectron
spectroscopy (XPS) [39]. Comparing the carbon to oxygen ratio (C/O) between GO and rGO provides an
effective measurement of the degree of reduction achieved using a simple low-energy infrared laser. It can be
observed that the initial percentages of C–C and C–O in GO are 44.75% and 55.25%, respectively
(Figure 2D). After laser reduction, the fractional ratio C–C and C–O in GO became 86.79% and 13.21%,
respectively (Figure 2E). The C–O and C==O bonds in GO can be broken by laser. Laser treatment converts
most of the sp3 carbon into sp2 hybrid carbon, leading to the reduction of GO.
Figure 3 shows the electrical characteristics of the device. The initial feature of Pt/GO/rGO memristor is to

cyclically apply a triangular voltage bias [5, −5] Von the two surface electrodes, while monitoring the driving
current through a Keithley 4200 semiconductor parameter analyzers in Figure 3A. It can be seen that the
device has the distinct characteristics of a bipolar memristor. Under the direct current (DC) sweep bias, the
I-V curve of the device shows the typical hysteresis loop of the memristor. As shown in Figure 3A, the device
presents two resistance states. When the positive bias voltage is applied to the device, the resistance state of
the device is a high resistance state (HRS). When the positive voltage threshold is reached, the resistance
state of the device changes from HRS to low resistance state (LRS), which is called SET. RESET refers to the
process that the device changes from LRS to HRS again when the negative bias applied to the electrode
reaches the threshold. The conductivity of the device is changed by switching between positive and negative
threshold voltages, indicating the presence of bipolar resistance switching behavior. The I-V characteristics
also show asymmetric characteristics due to carrier transport caused by the interfacial barrier [40].

Figure 3 Electrical performance of a Pt/GO/rGO memristor. (A) Resistive switching behaviors of Pt/GO/rGO memristor; (B) resistive
switching behavior of the Pt/GO/rGO memristor under different current compliance; (C) pulse switching characteristics. Electrical pulses
(8 V, 50 μs) with an interval of 1 μs were used. (D) Modulation of switching characteristics by different pulse duty cycles; (E) modulation of
switching characteristics by different pulse numbers; (F) modulation of switching characteristics by different pulse amplitudes.
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In the memory devices with GO as the insulator media and metal as the electrode, the resistive switching is
usually attributed to the oxygen migration, and/or the metal filament arising from the diffusion of the top
metal electrode into the GO film during the evaporation process [41,42]. In the current work, since rGO
electrodes were used and it is difficult to form Pt conductive filaments in memristors considering its chemical
inertness, the metal filament cannot be used to explain the resistive switching. According to the existing
principles of different types of memristor analysis, the charge trapping and detrapping on the oxygen-
containing groups of GO sheets might be responsible for the switching effect [43]. The details of the
electrical transition, carrier-transport mechanism, and the effect of an rGO electrode in this memory device
are under investigation. It can be observed that the lateral device exhibited a reversible hysteresis during the
voltage sweep, which is useful for simulating synaptic properties similar to biological synapses. We intend to
attribute the observed resistive switching to the desorption/absorption of oxygen-containing groups on the
GO sheets. A multilevel switching event can also be achieved by varying the compliance current (Figure 3B).
The conductivity of the device increases as the compliant current increases. This may be due to the effect of
compliance current on the desorption/absorption of oxygen-containing groups.
Most research on memristor devices focused on achieving gradually changed analogue behavior like

human synapses [44]. In order to verify that the Pt/GO/rGO memristors have the basic properties of emu-
lating synapse, continuous positive and negative pulse voltage scanning is applied to the device. The Pt/GO/
rGO memristor displays a corresponding decreasing or increasing current depending on the polarity of the
applied voltage. The plasticity of synaptic transmission refers to the increase or decrease of synaptic
transmission efficiency caused by repeated activities of synapses, mainly manifested in short-term memory
(STM). STM plays a vital role in the information transmission and processing of neural networks. The device
exhibits a continuous increase in behavior in conductance, which is STM of synapses through continuous
training (Figure 3C). To further investigate the properties of gradual change in conductance, pulses with
different characteristics are attached to the devices. Figure 3D shows the increase in the conductance of
devices as the increase in pulse duty cycles under the fixed amplitude (8 V). A strong dependency of
conductance increases between stimulation pulse duty cycles can be observed in Figure 3D, showing a larger
conductance increase with increasing pulse width in synapse potentiation process. Figure 3E shows the
change of the conductance of the device under different numbers of pulses (5–20 pulses). It can be seen that
when the number of pulses of the same polarity is more, the conductance of the device will increase
continuously. The update of synaptic weights can be achieved by changing the number of pulse excitations,
which is also known as the learning process. Furthermore, Figure 3F shows the conductance after the same 5
pulses, the conductance of cells increases with different amplitudes (5–9 V). A larger amplitude will lead to a
higher beginning and ultimate conductance. Overall, the conductance of synapses can be well tuned by the
amplitude, pulse duty cycles and the number of pulses, which are favorable to obtain a synapse weight update
with a suitable stimulation pulse and improve the fault tolerance in neuromorphic computing.
Table 1 [45–49] shows the comparison of energy consumption between the Pt/GO/rGO memristor in this

work and other reported lateral devices. The device has a lower energy consumption (200 nW) and a nano-
ampere current, which is much lower than the energy consumption of the same type of lateral structure
memristor. It is believed that the low power consumption of the device is governed by a mechanism of
oxygen migration. Absorption and desorption of oxygen functional groups could induce resistive switching
in the GO film [50]. This is reasonable because Pt is noble and inert metal with low reactivity with GO [51].
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Therefore, the device does not need a large SET voltage to complete the forming process. GO is associated
with various oxygen groups, such as carboxyl, hydroxyl, and epoxide, with their oxygen ions usually
contributing to form the conduction filament [52]. We anticipate that the oxygen defects are enhanced by the
RGO electrode [53], so that absorption and desorption of oxygen functional groups in GO can be re-
producibly achieved to achieve bipolar switching properties.
The desorption and absorption of the oxygen-related groups on the GO sheets correspond to the on and off

states, respectively [54]. A sudden current increase that switches the device to LRS is probably related to the
movement of oxygen ions from GO towards the rGO surface, which contains large amounts of oxygen
vacancies compared to the bulk region [55]. Therefore, the device can be kept in a lower power consumption
state after SET. And the resistance of the rGO electrode is decreased by reducing the oxygen vacancy
concentration, inducing the reset and transition back to the HRS. Electrical pulses can cyclically induce an
HRS to LRS transition [56]. The realization of ultra-low energy consumption is also of great significance to
the development of NC systems.
To illustrate the potential application of memristors in NC, a digital recognition function demonstration

was carried out. A 5×1 memristor array is used to demonstrate the role of the reservoir in the RC system. The
structure diagram and physical diagram of the memristor array are shown in Figure 4. A recurrent neural
network (RNN) is widely used to process various dynamic sequence events [57]. RC is a new type of RNN,
which is mainly divided into two parts: the reservoir and the readout layer. The reservoir is connected to the
input terminal and its connection structure is fixed. The structure of the reservoir will dynamically change
with the input signal over time, and the input signal will be mapped to the high-dimensional state through
nonlinear mode. The function of the readout layer is to process the signals obtained in the reservoir and
identify the corresponding numbers.
The entire RC system only involves the training of the single layer weights in the readout layer, which

greatly reduces the training cost and solves the problem of the slow calculation process of a fully connected
neural network (FNN). There are several requirements for a physical reservoir to efficiently solve compu-
tational tasks. First, it should nonlinearly transform the input signal into a high-dimensional state space in
which the signal is represented. Second, the status of the reservoir is time series, which is determined by the
current input and the input of a certain period in the past. So the characteristics of STM are essential to the
reservoir [58]. Additionally, the results of RC computations must be reproducible and robust against noise.
For this, the reservoir should exhibit sufficiently different dynamical responses to inputs belonging to
different classes. At the same time, the reservoir should not be too sensitive, so that similar inputs are
classified into the same class [59].
Memristive systems and devices are capable of exhibiting nonlinear dynamics and responding to inputs in a

Table 1 Comparison of the device characteristics of the lateral structure memristor devices

Structure SET voltage (V) Operation current (A) Power (W) Ref.

Au-MoS2-Au 80 10−4 8×10−3 [45]
Ti-TaS2-Ti 3 10−3 3×10−3 [46]

Au-MoS2-Au 3 10−5 3×10−5 [47]
Ti/Au-MoS2-Ti/Au 15 10−4 15×10−4 [48]
Au/Ti-MoS2-Ti/Au 6 10−3 6×10−3 [49]

Pt-GO-rGO 5 4×10−8 2×10−7 This work
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history-dependent manner. By exploiting these favorable properties for a dynamic reservoir, we proposed
reservoirs based on memristive systems. The nonlinearity and the synaptic plasticity of memristors make the
memristor array a favorable candidate for hardware simulation of the reservoir [60]. An integrated memristor
array was fabricated to demonstrate the dynamic reservoir (Figure 4A) and Figure 4B shows an optical image
of the memristor array under an optical microscope.
The input signals are pulse voltage sequences of a simple digital image, and the corresponding current

states are collected by an integrated memristor array. The memristor array is connected to a readout layer for
network training that recognizes numbers by training current states of the input image. In particular, the input
5×5 image has 25 pixels and is composed of light blue pixels (−1) and dark blue pixels (1). Divide the image

Figure 4 Application of Pt/GO/rGO memristor array in reservior computing (RC). (A) Demonstration diagram of memristor array. (B) An
image of memristor array under microscope. (C) Schematic of the operation of RC based on Pt/GO/rGO memristors for classifying numbers.
(D) Experimental read-current responses of a memristor by several electrical input signals. The amplitude and width of the read pulses are
correspondingly 8 V and 500 μs. (E) The evolution of the classification accuracy rates using standard batch gradient descent within 50
epochs.
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into 5 rows, each row has 5 continuous pixels. We input them into the memristor matrix as the pulse voltage
of 5-time frames. The current states of the five integrated memristors are used to characterize the state of the
reservoir (Figure 4C). A device in the array is chosen randomly to measure its response to 5 different pulse
streams. For different inputs, the read currents of all devices are highly differentiated (Figure 4D). Due to the
STM of the device, when multiple pulses are applied in a short interval, the conductance of the device will
continue to increase and the reverse stimulation will cause the memristor state to decay to the initial state.
Thus, the current state of each memristor in the memristor array after pulse stimulation will represent the
information in each line of the original image. For 10-digit numbers 0–9, the memristor has 10 different pulse
curves that can be used to separate these 10 different input numbers (Figure S5, Supporting Information).
The conductivity of the memristor which represents the state of reservoir can realize the function of digital

recognition by training the readout layer. We input all the sequences generated in the digital image into the
memristor array to obtain different and easily distinguishable conductance states. At the same time, the same
timing pulse was input to multiple memristors prepared under the same conditions, and the highly consistent
conductivity variation trend was obtained, which further verified the high uniformity of the device
(Figure S6, Supporting Information). The readout layer is a 5×10 single-layer neural network, which is
linearly weighted between inputs and weights and trained by activation functions (see Experimental Section).
The final conductivity value in memristor array is used as input and 10 values (0–9) representing the
predicted number of the image are used as output. After 50 training iterations, the recognition accuracy of the
RC system for the original image can reach 95.74% (Figure 4E).
For FNN, even a single-layer 25×10 network with the same number recognition function needs 25 inputs

and 250 weights to be trained, which is far more complex than the readout layer of RC system. The digital
pictures identified in the experiment are standard digital pictures that are considered to be designed, so only a
memristor array composed of five memristive devices can achieve high-accuracy digital identification. For
complex pictures of handwritten numbers, pulse sequence input can also be performed by dividing the
different pixels in the picture, but the number of devices in the corresponding memristor array should be
correspondingly increased according to the number of rows of the picture.

CONCLUSION

In summary, we fabricated a Pt/GO/rGO lateral structure memristor based on DLW technology. DLW
technology is a fast, inexpensive and flexible fabrication of graphene, which has a wide application prospect.
Using DLW, graphene can be modified easily, quickly, and in large areas. Due to the characteristics of GO as
an active layer, the device exhibits ultra-low power consumption (200 nW) compared to memristors with the
same lateral structure. The device successfully simulates the characteristics of biological synapses (STM)
and realizes the change of synaptic weight by adjusting parameters such as pulse number, amplitude, and
duty cycle. We also used a 5×1 memristor array as the reservoir part of RC system, combined with a 5×10
single-layer neural network to achieve 95.74% accuracy in digit recognition. It further verifies the advantages
of memristors in neural network computing applications. The realization of memristors and their arrays based
on DLW technology is flexible, highly integrated and low-power which can be well applied to wearable
devices, NC hardware platforms, and the integration of other carbon-based devices in the future.
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EXPERIMENTAL SECTION

Device preparation. The precursor material used for memristor preparation is GO colloid (4 mg mL−1, from
Sigma-Aldrich Corp). The GO solution was diluted to a concentration of 1 mg mL−1 and ultrasonic treatment
was performed for 1 h to obtain a uniformly mixed suspension. A 25 mm×25 mm×0.7 mm fused silica plate
was cleaned in acetone with the aid of ultrasound. The glass substrate becomes hydrophilic after treatment
with concentrated sulfuric acid and hydrogen peroxide. Finally, the 500 μL GO solution was dripped onto the
glass substrate by instillation method, and a GO film with a thickness of 869 nm was obtained after drying in
the air at room temperature.
The Pt electrode is made by using a magnetron sputtering device (JS-3, TM) with a mask to vapor-deposit a

metal electrode of 3 mm×5 mm×50 nm on the surface of the prepared GO film. A Pt/GO/rGO lateral
structure memristor is obtained by writing an rGO electrode with a commercial DLW system (Nanoscribe,
Photonic Professional (GT) with laser peak power between 16 mW and 56 mW, 80 MHz repetition rate, laser
scan speed 10 mm s−1, wavelength of laser 780 nm, a 0.5-NA objective) near the Pt electrode. The resulting
size of the rGO electrode is 1800 μm×300 μm, and the width of GO active layer between the two electrodes is
60 μm.
Characterization method. Raman spectra were obtained with a confocal Raman system (WITEC Alpha

300RA) under 532 nm laser excitation with a 5% attenuation and acquisition time of 10 s. The morphologies
of the sample were observed using SEM (Zeiss Gemini 300) and AFM (Bruker Dimension Icon). XPS was
performed with ThermoFisher (ESCALAB 250Xi, USA). Electrical characterization was conducted with a
Keithley 4200 semiconductor parameter analyzer (Tektronix, USA) and a probe station (Cascade).
Network training.Here, different pulse definitions are made for different color pixels. The dark blue pixel

corresponds to a voltage pulse with an amplitude of 8 V and a pulse width of 500 μs; the light blue pixel
corresponds to a voltage pulse with an amplitude of −8 V and a pulse width of 500 μs. The interval between
pulse voltages is 1 μs. We test pulse sequences of different numbers while randomly adding different noise
pixels to the image. The device exhibits ns-level switching speeds with an average pulse power consumption
of 400 nA. Here 500 output current response values were tested for each digit. A total of 5000 memristor
arrays’ current response values were measured. The 5000 datasets are randomly divided into 80% as the
training dataset and 20% as the test dataset as the input of the readout layer network to train a 5×10 single-
layer network.
We used a 5×1 memristor array as the reservoir part of RC system, combined with a 5×10 single-layer

neural network in Python software. For a 5×10 single-layer perceptron, the conductance states of the five
memristor matrices after the last time pulse flows through the reserve pool are used as the input of the readout
layer. Use softmax as the activation function. The classification cross-entropy loss is minimized by gradient
descent in a mini-batch using the Adam optimizer (learning rate=0.09). For support vector machines, select
the linear kernel option for linear classification.
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