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ABSTRACT

© Higher Education Press 2023

Recently, with the emergence of ChatGPT, the field of artificial intelligence
has garnered widespread attention from various sectors of society. Reser-
voir Computing (RC) is a neuromorphic computing algorithm used to
analyze time-series data. Unlike traditional artificial neural networks that
require the weight values of all nodes in the trained network, RC only
needs to train the readout layer. This makes the training process faster and
more efficient, and it has been used in various applications, including
speech recognition, image classification, and control systems. Its flexibility
and efficiency make it a popular choice for processing large amounts of
complex data. A recent research trend is to develop physical RC, which
utilizes the nonlinear dynamic and short-term memory properties of phys-
ical systems (photonic modules, spintronic devices, memristors, etc.) to
construct a fixed random neural network structure for processing input
data to reduce computing time and energy. In this paper, we introduced
the recent development of memristors and demonstrated the remarkable
data processing capability of RC systems based on memristors. Not only do
they possess excellent data processing ability comparable to digital RC
systems, but they also have lower energy consumption and greater robust-
ness. Finally, we discussed the development prospects and challenges
faced by memristors-based RC systems.

Keywords reservoir computing, memristor, resistive switching, artificial
synapse, neuromorphic computing
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1 Introduction

The Artificial Neural Network (ANN) is a computational
model that simulates the information transmission and
processing mechanisms among neurons in the human
brain [1, 2]. It is composed of a large number of artificial
neurons interconnected with each other, and can be used
for tasks such as classification, regression, and clustering.
The ANN typically consists of three layers: the input
layer, the hidden layer, and the output layer. The input
layer receives external inputs, the hidden layer processes
the input data, and the output layer outputs the final
result. Each neuron receives input from other neurons
and combines these inputs weighted by activation func-
tion, and then passes the result to the next neuron.
Each neuron includes an activation function and weights,
where the activation function determines the output of
the neuron and the weights determine the influence of
the input signal on the neuron’s output [3, 4]. The training
process of the artificial neural network is achieved by
adjusting the connection weights to make the network
output as close as possible to the expected output. The
Recurrent Neural Network (RNN) is an artificial neural
network with short-term memory (STM) function that
can be used for time series data [5, 6]. The RNN passes
information from the past to the future by using the
previous output as the current input. The RNN includes
a hidden layer where the neurons remember the previous
inputs and pass this information to the next time step.
The input at each time step includes not only the
current input signal but also the output result of the
previous time step.

Reservoir Computing (RC) is a concept [7] that origi-
nated from RNN and has recently been successfully
applied to a wide range of tasks, such as image recogni-
tion, speech recognition, time series signal processing,
and chaotic dynamic system prediction. The core of RC
is the use of a fixed, randomly generated neural network
structure, called the “reservoir”, which can nonlinearly
transform the input signal and project it into a high-
dimensional space, making the input signal linearly sepa-
rable in low-dimensional space. By utilizing nonlinear
transformation, the initial characteristics, generally
presented in the temporal domain, can be projected onto
the reservoir state characteristics. These characteristics
can then be subjected to additional processing through a
simple, trained linear neural network. Unlike traditional
RNNs, RC does not require training of the reservoir pool,
but achieves learning by training the output layer with
linear weights. This approach enables fast training, high
energy efficiency, and insensitivity to hyperparameters
8]

However, RC necessitates significant computational
resources, especially when dealing with massive data.
The cost of implementing RC on traditional computers
is high, as it requires extensive memory and computing

power. Consequently, a recent research trend is to
develop Physical Reservoir Computing (PRC), which
utilizes the nonlinear dynamic properties of physical
systems to construct a fixed random neural network
structure for processing input data. So far, RC based on
photonic modules [9-11], spintronic devices [12, 13] and
memristors has demonstrated highly efficient time
processing. Memristor-based RC, in particular, has
garnered considerable attention. The memristor is a
device with memory function and nonlinear response,
and its resistance depends on the history of current or
voltage passing through it. This characteristic makes
memristors a good choice for the reservoir in RC, generating
diverse reservoir states and enhancing RC’s ability to
process temporal signals. For instance, the RC system
based on metal oxide memristors utilizes the inherent
physical state decay of themselves, allowing the system
to naturally return to its initial state after receiving
input signals, and achieving a type of leaky integration
nonlinear dynamics [14].

In this paper, we have discussed the materials, physical
mechanisms, and conductive properties of emerging
memristors. Additionally, we have presented how
memristors can be applied to various PRC systems opti-
mized by diverse algorithms to process time series
signals. Furthermore, we have deliberated on the
prospects and challenges faced by the future development
of PRC systems.

2 Investigation of storage materials of
memristor

2.1  Binary metal oxide

Since the advent of solid-state memristor based on TiOq
material by the HP team in 2008, numerous research
groups have discovered memristive behavior in various
oxide materials. Among them, binary metal oxide
researches, such as vanadium oxide (VOg) [15-17], zirco-
nium oxide (ZrOz) [18, 19], nickel oxide (NiO) [20-23],
tungsten oxide (WO,) [24-28], zinc oxide (ZnO) [29-31],
hafnium oxide (HfO;) [32-34], and tantalum oxide
(Taz05) [35-38] have been widely investigated due to
their simple fabrication processes and compatibilities
with CMOS technology. Currently, the focus of
researches is to enhance the performance of oxide-based
memristors through approaches such as doping, deposition
of protective layers, and electrode replacement.

The HfO, memristor has potential for applications in
nonvolatile memory and neuromorphic computing, but
its continuous conduction modulation and switching
linearity still require improvement. Li et al. [39] have
fabricated a memristor with a Pt/Mg:HfO,/TiN struc-
ture, as shown in Fig. 1(a). Unlike memristors doped
with other elements previously used, the Mg-doped
memristor demonstrates excellent characteristics of
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Fig. 1 (a) Schematic illustration of Pt/Mg:HfO,/TiN structure. (b) The RS characteristics by changing the maximum
sweep voltages. (a, b) Reproduced from Ref. [39]. (c) Schematic illustration of Pt/TasO5/HfO,/TiN structure. (d) Analysis
of the RS characteristics. (¢, d) Reproduced from Ref. [40]. (e) Typical cross-sectional TEM images of device A and device B.
(f) Neural network classification accuracy. (e, f) Reproduced from Ref. [41].

continuous conductance modulation and multilevel resis-
tive switching (RS) under pulsed voltage, as illustrated
in Fig. 1(b). The improvement in RS performance is
attributed to the migration of Mg into the conductive
filaments by adjusting oxygen vacancy migration and
defect states, as shown by first-principles calculations
and conductive mechanism analysis. It is explained that
Mg doping can improve RS performance more effectively
than Ca doping because of the double-ion cooperative
migration of Mg?t and VO?*, and provides a practical

way to enhance the RS performance of transition metal
oxide memristors [39].

Ryu and his colleagues proposed a Pt/TasO5/HfOs/
TiN memristor with improving RS behavior by introducing
a HfO, layer [40]. It exhibited uniform switching perfor-
mance [Figs. 1(c, d)], which is due to the generation and
destruction of oxygen vacancies in the HfO, layer. The
device demonstrated low-power resistive switching with
various synaptic plasticity, such as paired pulse facilitation
(PPF), short-term potentiation (STP), long-term poten-
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tiation (LTP), and spike timing-dependent plasticity
(STDP), by adjusting the pulse amplitude, width,
frequency and interval. Additionally, the team evaluated
the pattern recognition accuracy of a 3-layer neural
network composed of TasO5/HfOs-based memristor
synapses, and showed an excellent result.

To result in an improvement of RS behavior and
synaptic performances, Saleem et al. inserted an oxidizable
metal (TiW) diffusion barrier between the active metal
electrode and the switching layer in conducting bridge
Cu/TaO/TiN memristor devices [41]. Device A, which
is a sample used for reference, was created without TiW
as a barrier layer. And the device made with TiW is
denoted as Device B, as shown in Fig. 1(e). The TiW
barrier layer serves to prevent undue diffusion of metal
ions into the switching layer. Additionally, the TiWO,
interfacial layer is fashioned between the barrier and the
switching layer to regulate the dispersion of oxygen
vacancies and facilitate the construction and dismantling
of the metal ion-oxygen vacancy hybrid conducting
bridge. Device A that relies on non-hybrid conducting
bridges (metal ions only) performs poorly in terms of
analogous performance, while a device with the barrier
layer can provide 2-bit memory and 50 stable epochs.
TaO, also acts as a layer that suppresses resistance and
enhances thermal conductivity, reducing overshooting
current. The improved analog device featuring a high
linear weight update, exhibits multilevel cell properties
and steady epochs. To demonstrate the neuromorphic
aspect of the devices, a simulated neural network
containing 100 synapses was employed to classify 10x10
pixel images, achieving 95% accuracy with only six
interactions, as illustrated in Fig. 1(f). The research
provides valuable insights for optimizing synaptic perfor-
mance in future neuromorphic computing applications.

2.2 2D materials

Although oxide-based memristors exhibit stable perfor-
mance and mature research, traditional three-dimensional
oxide memristors do not have a size advantage, making
it challenging to meet the requirements of highly integrated
circuits. However, with the advancement of materials,
this issue has been addressed by transitioning from three-
dimensional to two-dimensional structures, which is a
significant research breakthrough in terms of device size
reduction and achieving high integration. Currently, two-
dimensional materials represented by emerging novel
materials have become a popular research direction and
are likely to become a focal point of future research [42,
43].

Two-dimensional materials such as graphene, with
van der Waals forces connecting the layers, offer great
potential for memristor applications. Whether used as a
resistive switching (RS) layer or an electrode, graphene
and its derivatives exhibit excellent performance. More-

over, graphene is known for its low manufacturing cost,
high mechanical flexibility, and optical transparency,
making it a promising material for electrodes and interface
materials to enhance device performance. Chan et al. [44]
have demonstrated outstanding performance in resistive
switching, data retention, and time-dependent plasticity
of graphene-based gadolinium oxide memristors, as
shown in Fig. 2(a), by utilizing compact self-assembled
graphene modified with hydrogen plasma as the bottom
electrode, mimicking artificial synapses in neuromorphic
systems.

In the conventional memristor structure, the migration
of oxygen ions lacks precise control, resulting in undesirable
leakage current, device-to-device and cycle-to-cycle vari-
ability, as well as device reset failures. Graphene,
employed as an interface material, offers a promising
solution to these issues. Zhao et al. [45] have utilized
graphene with controlled defects to modulate the paths
of cation injection and the distribution of conductive
filaments, thereby achieving low operating current in
memory and high driving current in selectors, as illustrated
in Figs. 2(b, c¢). Lee et al. [46] have inserted graphene
thin films with engineered nanoscale pores between Ta
and TaxOs, effectively blocking the transport of oxygen
ions and redox reactions, thus enabling effective tuning
of device performance by controlling the size of
nanopores in grapheme, as illustrated in Figs. 2(d, e).

In addition to graphene, transition metal dichalco-
genides (TMDs) have also gained significant research
attention as the RS layer in memristors. TMDs, represented
by MX, (where M represents a transition metal, such as
Mo, W, Sn, Hf, and Zr, and X represents a chalcogen
atom, such as S, Se, and Te), showcase remarkable apti-
tude in terms of electrical, optical, chemical, and
mechanical properties [49]. These materials can be fash-
ioned by enclosing a layer of transition metal atoms
between two layers of chalcogen atoms via van der
Waals forces. TMDs, as semiconductors, offer several
advantages, such as a considerable bandgap, relatively
high carrier mobility, and stability in air [50]. Naqi et al.
[47] have achieved direct synthesis of MoS; thin films on
patterned bottom electrodes (Pt) with high crystallinity
using sputtering and chemical vapor deposition (CVD)
techniques. The proposed MoSy; memristor exhibits
remarkable durability and retention, and demonstrates
highly consistent memory performance in a scalable
4 x 4 crossbar array, as depicted in the accompanying
Fig. 2(f). Functioning as synaptic devices, these memristors
emulate the dynamic processes of synaptic enhancement,
decay, long-term memory, and short-term memory.
Furthermore, they also simulate the learning process of
deep neural networks, achieving a recognition accuracy
of 98.55%, differing by only 1% from software-simulated
neural networks.

Yan et al. [48] have utilized 2H-phase WSy to
construct a low-power memristor device with a Pd/
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Fig. 2 (a) Fabrication procedures of the Gd,O, memristors with CSA graphene Bes [44]. (b) The structure of Graphene
sheets with different types of defects and varying sizes/concentrations. (c¢) The process of CF modulated by defective
graphene. (b, ¢) Reproduced from Ref. [45]. (d) The diagram depicts the structure of the memristor with graphene insertion.
(e) The switching characteristics with different sized nanopores. (d, e€) Reproduced from Ref. [46]. (f) Schematic illustration
of the 4 x 4 crossbar array based on Ag/MoS2/Pt structure [47]. (g) Schematic illustration of the memristor with WS, layer
[48]. (h) TEM and FFT images of the WS2 device. (i) TEM image of the different area of the WS, device. (h, i) Reproduced

from Ref. [48].

WSy/Pt structure, as shown in Fig. 2(g). This device
exhibits a fast-switching time of only 13 ns and a low
programming current of 1 pA in the ON state, with SET
(RESET) energy to the femtojoule level. Transmission
electron microscopy (TEM) observations reveal that the
WS, thin film possesses a layered structure, as depicted
in Figs. 2(h, i), with an increased concentration of tungsten
and sulfur vacancies, which is the main reason for

enhancing the resistive switching performance. This
mechanism differs from the traditional metal ion conduc-
tion filament (CF) or oxygen vacancy mechanism.
Furthermore, this device is capable of emulating the
excitatory and inhibitory behaviors of biological neurons,
as well as memory and learning under both negative and
positive pulse stimulations, enabling STDP, PPF, and
transitions from STP to LTP.

Hao Chen, et al., Front. Phys. 19(1), 13401 (2024)
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Hexagonal boron nitride (h-BN) is a type of two-
dimensional layered insulator material, also known as
white graphene. Compared to the conventional oxides, h-
BN can be produced with a remarkably smooth and
even surface, which has the potential to minimize fluctu-
ations in memristor devices. In addition, h-BN has excellent
chemical stability, which prevents interaction with adja-
cent layers, and high thermal conductivity that facilitates
heat dissipation in electronic devices. In contrast to
other two-dimensional conductive and semiconducting
materials, h-BN can be employed to fabricate memristor
devices without a transfer process. This is because it can
be grown directly on a metallic substrate through CVD.
Due to its insulating nature, h-BN exhibits a considerable
current on/off ratio, making it a promising candidate for
use in memristor devices. Shi et al. [51] employed CVD
to fabricate electron synapses with vertical metal/h-BN/
metal cell structure. The boron vacancies generated in
the h-BN thin film, serving as the RS layer, induce the
filling of adjacent metal ions to form conductive nanofil-
aments. The standby and switching power consumption
can be as low as 0.1 fW and 600 pW, respectively. The
switching time is less than 10 ns, and exhibits rapid
(~200 ps) and stable relaxation within 500 cycles, meeting
the requirements of low-power and real-time operations
in artificial neural networks. This highlights the potential
of h-BN in neuromorphic computing.

2.3 Perovskite oxide

Since the discovery of the electro-pulse-triggered
reversible resistive switching effect in Pry.;Cag3MnOsg
thin film devices in 2000, an increasing number of
perovskite oxide resistive switching materials have been
proposed and investigated. Subsequently, researchers
have explored other perovskite oxide materials with
similar resistive switching characteristics, such as
La; ,Sr,MnO3 [52-55] and SrTiOs [56-60]. Perovskite
complex oxides are a class of compounds with the same
structure as the perovskite CaTiO3, which can be repre-
sented as ABOj. Materials with perovskite structure
exhibit spontaneous polarization, and the polarization
direction can be rearranged along the external electric
field direction under the action of an applied electric
field. The materials show different current transport
abilities before and after the change in polarization
direction, thus exhibiting continuously variable resistance
under the influence of an external electric field, presenting
a memristive phenomenon. Due to the excellent properties
of non-volatility, high speed, and low power consump-
tion, perovskite materials have been widely used in elec-
tronic devices, such as non-volatile memories, resistive
random-access memories, and reconfigurable logic
devices. With the continuous deepening of research, the
performance of perovskite resistive switching materials
has been continuously improved, such as repeatable

erase and write cycles, reliability, and response speed. In
addition, researchers have also found that by controlling
the chemical composition
perovskite materials, or replacing the substrate, the
resistive switching characteristics can be further tuned,
such as controlling resistance ratio, current density, and
switching voltage.

Artificial neurons play a crucial role in building neuro-
morphic networks, which can efficiently and in parallel
compute information, akin to the human brain. However,
conventional complementary metal-oxide-semiconductor
(CMOS) based artificial neurons lack biological plausibility
and fail to mimic the rich ion dynamics of biological
neurons. To address this issue, organic-inorganic halide
perovskites (OHPs) have emerged as a promising candidate
for mimicking ion dynamics in biological neurons, owing
to their intrinsic ion migration [63, 64]. A diffusive
memristor based on CH3NH3;Pbl; (MAPDbI3;) has been
fabricated [Fig. 3(a)], which exhibits exceptional ampli-
tude-frequency characteristics and substantially linear
modulation of conductivity, capable of achieving over
1000 states [61]. This memristor has been employed in
the creation of a bio-inspired neuron, named the leaky
integrate-and-fire (LIF) neuron, which adeptly replicates
the leakage, spatiotemporal integration, and firing func-
tionalities of natural neurons. Furthermore, through the
interconnection of LIF neurons using a 2x2 non-volatile
AlyOs-based synaptic array, a simple spiking neural
network (SNN) has been effectively constructed at the
hardware level. The SNN exhibits remarkable discerning
sensitivity to particular input sequences, thereby demon-
strating the potential for future applications in neuro-
morphic  computing that incorporate innovative
ionotropic devices.

Presently, the majority of perovskite materials are
cultivated on substrates composed of single crystals [65].
Regrettably, the incompatibility of complex oxides with
silicon technology used in complementary metal oxide
semiconductors poses a major obstacle in the integration
of the two. BiFeOs is the only material that exhibits
multiferroic properties at room temperature, making it a
promising candidate for applications [66]. However, it
has certain drawbacks such as large coercivity field voltages
and high leakage currents, which can be improved
through doping. As such, Wang and his colleagues [62]
have constructed a memory resistor with a sophisticated
structure composed of Pd/Lig g9Bip.01FeOs/
Lag¢7Sr0.33MnO3/SrTiO3/P* Si.  The SrTiOs layer is
grown on Si as a buffer layer, and the BiFeOjs layer
doped with Li serves as the functional layer [62], as
shown in Figs. 3(c-h). This device exhibits remarkable
stability, reproducibility, and continuous tunability.
Moreover, by modulating the electrical conductivity
through the application of different parameter pulses, it
emulates the synaptic function of neurobiology. Impor-
tantly, multiple devices can be interconnected into prac-

and microstructure of
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Fig. 3 (a) Schematic diagram of the Au/MAPbDI;/ITO memristor, cross-sectional SEM image of the memristor and molecular
structure. (b) Schematic illustration of a biological neuron and its experimental circuit. (a, b) Reproduced from Ref. [61].

(c¢) The structure of the Pd/LBFO/LSMO/STO/Si device.

(d) XRD patterns. (e) AFM morphology diagram. (f) PFM

phase diagram. (g) PFM hysteresis loop. (h) XPS full spectrum. (c-h) Reproduced from Ref. [62].

tical circuits, enabling information storage and addressing
the issue of resistance drift. The output current linearly
increases with the number of conducting devices, and
information encoding/decoding is achieved through
circuitry, offering the possibility of neuromorphic
computing and information processing.

In addition, Su et al. [67] developed a memristor with
the structure of Au/SrFeO,(SFO)/SrRuO; (SRO) that
exhibits repeatable polarity reversal behavior. The appli-
cation of an appropriate reverse bias voltage can reverse
the direction of the set and reset voltage, and the
cycling stability and retention performance of the SFO
device remain unaffected by the polarity of operation.
The cross-sectional transmission electron microscope
(TEM) image illustrates a distinct interface between
each layer in the synthesized Au/BM-SFO/SRO device,
and the corresponding energy dispersive spectroscopy
(EDS) images demonstrate the even distribution of
elements in each layer, as depicted in Figs. 4(a—g). X-ray
photoelectron spectroscopy (XPS) analysis indicates that
oxygen ions migrate during the polarity reversal process.
First-principles calculation of energy band structure
suggests that an insufficient amount of oxygen injection
into the BM-SFO barrier layer can lead to a reduction
in the band gap of BM-SFO, thereby forming a PV-
SFO/BM-SFO. interface with a lower Schottky barrier

height, facilitating Schottky emission and conduction, as
illustrated in Figs. 4(h—q). The SFO device displays a
remarkable accuracy of 98.81% in handwritten digit
recognition and faster convergence speed on negative set
status due to better synaptic weight update linearity. In
summary, the alternated polarity reversal features of the
SFO memristor offer a new reference for resistive
memory and synaptic memristors.

2.4 Polymers and organic materials

Organic materials used in memristors are capable of
reversible switching between high and low resistance
states under the influence of voltage, with the advantages
of low cost, simple structure, and facile fabrication
processes, as well as high flexibility. They find wide
applications in wearable, flexible, and implantable
devices. There are diverse types of organic materials for
memristors, including polymer memristors, small
molecule organic memristors, and organic-inorganic
hybrid memristors. Among them, polymer memristors,
such as polyaniline (PANI) [68-70] and poly(3,4-
ethylenedioxythiophene) (PEDOT) [71-73], are the most
common type of organic memristors. They undergo
redox reactions under external electric fields, leading to
changes in resistivity. Small molecule organic memristors

Hao Chen, et al., Front. Phys. 19(1), 13401 (2024)
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(AIDCN [74-76], Alqs, etc.) also operate based on similar
principles, with their molecular structures typically
containing one or more controllable redox centers.
Biomaterial-based memristors utilize organic biomateri-
als, such as DNA and proteins, as their active layer.
They operate based on the reversible formation and
rupture of conductive filaments between the two elec-

trodes, and have shown potential for bio-inspired
computing and memory applications.

Taking inspiration from the unique poly-ionic properties
of ammonium polyphosphate (APP), Zhao et al. [77]
have developed a new flexible and stable Au/APP/ITO
memristor, as shown in Figs. 5(a—d), capable of exhibiting

synaptic behavior in response to voltage pulses of 0.1 V
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amplitude and 20 ns width. The device outperforms
several other established memristors, exhibiting repeatable
synaptic behavior for up to 10* pulse cycles. Moreover,
the memristor remains functional even when bent at
360°, and is capable of retaining its synaptic performance

even after being subjected to 60 seconds of fire exposure
and 5.6 kGy of ionic irradiation. In addition, APP is
found to be transparent, nontoxic, and biodegradable,
distinguishing it from other organic and inorganic materials
used in previous memristor studies [77].

Hao Chen, et al., Front. Phys. 19(1), 13401 (2024)
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Li et al. [78] presented a new type of organic memristor
based on a small molecule material F14CuPc, as shown
in Fig. 5(e), that is highly resistant to high humidity
conditions. The devices demonstrated remarkable stability
in moisture, maintaining their switching behavior even
after a year of exposure to air at 60% relative humidity
and after being submerged in water for 96 hours. The
researchers identified a proton conduction mechanism as
the cause of the resistive switching effect. The devices
also showed continuously adjustable conductance, as
illustrated in Fig. 5(f), allowing them to emulate the
functions of biological synapses. These findings provide a
promising pathway, a neuromorphic computing system,
tolerant to high humidity, has been developed utilizing
artificial synapse devices that demonstrate exceptional
resistance to humidity.

Lignin, which is an organic component of wood [Fig.
5(g)], is a complex and random 3D network polymer
consisting of intricate aromatic structures [Fig. 5(j)]. It
is a plentiful natural substance on the planet and is a
byproduct of the pulp and paper industry. Compared to
other polymers, lignin has a high carbon content, and
when subjected to heat, it can be converted into amorphous
or graphitic structures, which can alter its electrical
conductivity. Park et al. [79] have ingeniously designed a
memristor with a structure of Au/Lignin/ITO/PET, as
shown in Fig. 5(h). The equipment displayed a progressive
modification in its conductivity when successive voltage
pulses were administered, and it also remained functional
without significant fluctuations when subjected to bending
[Fig. 5(i)]. Moreover, the synthetic synaptic device
constructed from lignin successfully imitated fundamental
synaptic properties such as potentiation/depression,
excitatory post-synaptic current (EPSC), spike-rate-
dependent plasticity (SRDP), and the transition from
STP to LTP. Due to its nontoxic, ecologically benign
and biodegradable properties, lignin exhibits great
potential as a crucial component for flexible electronic
devices and artificial synapses [79].

3 Memristor-based reservoir computing
systems

3.1

Conventional reservoir computing

Recurrent neural network (RNN) is a species of ANN
that is capable of processing sequential data, for exam-
ple, time series or natural language [80]. It comprises
feedback connections that enable the utilization of
output from previous time steps as input for the current
time step, so that the network has the ability to process
time series data. Therefore, RNN is better suited for
simulating the dynamics of the brain system. Currently,
RNN has been widely applied in tasks such as speech
recognition and natural language processing. However,
due to the issues of gradient vanishing and explosion

[81], RNN requires a multitude of hyperparameters and
has a complex training process. To address these issues,
Jaeger suggested using an echo state network (ESN) [8],
while Maass et al. [82] proposed a liquid state machine
(LSM). ESN and LSM are essentially the same and are
commonly referred to as RC. It is worth noting that,
compared to standard RNNs, the reservoir itself does
not require to be trained, RC only requires training of
the output layer weights and does not need backpropa-
gation algorithm, effectively avoiding the issue of gradient
vanishing. Therefore, it can significantly reduce the
complexity and duration of training.

The inherent characteristics of memristors, such as
their STM and nonlinear behavior, make them highly
suitable for incorporation into physical RC systems. In
RC systems, several key characteristics of the reservoir
significantly influence the system’s performance, among
which the richness of the reservoir state is one of the
most critical parameters. The conductance of the
memristor is often regarded as a reservoir state, and
different training pulses modulate the conduction of the
device, making it applicable for RC systems used in
neural activity analysis. When a series of training pulses
are applied with short intervals, the device exhibits an
increased current, while long intervals between adjacent
pulses result in a decay of the current toward a resting
state. Therefore, temporal pulses with different intervals
lead to distinct final states of the device, corresponding
to different reservoir states. In this case, the post-stimulus
state of each memristor represents the characteristic
value of the given sequence of pulses for reservoir
computation. By collecting the device states, pattern
recognition can be achieved by simply reading out the
functionality.

Zhang et al. [83] have established a RC system based
on PSBHT@QTDA-PW memristors. A total of 100 memristors
were utilized within the reservoir framework, and a
single-layer perceptron with 100x3 neurons was
employed for classification. The current readout from
the memristors in the reservoir was used as input to the
single-layer perceptron with three output neurons repre-
senting the emotional states of interest, namely fun, sad,
and silence. The output of the system was calculated
based on the dot product of the input and the weights of
each output neuron using a supervised logistic regression
algorithm, with weight adjustments made during training
to minimize output errors, as shown in Figs. 6(a, b).
After 2100 training iterations, the P3HTQTDA-PW
memristor RC system was able to correctly identify the
three original emotional symbols in the entire training
dataset. Further exploration of the reservoir’s temporal
information processing capability was conducted using
other samples outside of the original training dataset.
Identification accuracy curve and false-color confusion
matrix were plotted, respectively, to monitor the algori-
thm’s classification performance [Figs. 6(d, e)]. To
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forecasting results from the memristor-based RC system. (f~h)

further evaluate the image recognition capability of the
RC system, a manual digit categorization undertaking
was executed employing samples from the Modified
National Institute of Standards and Technology (MNIST)
dataset, with an accuracy of 89.4% after trained.

Lu and his group [84] have harnessed the internal

Reproduced from Ref. [84].

short-term ion dynamics of memory resistor devices to
propose an RC system based on dynamic WO, memris-
tors. Through experimental verification, they have
demonstrated that even a small reservoir which is
composed of 88 memristor devices can be employed for
handwritten digit recognition [Fig. 6(f)], as trained and
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tested with the MNIST dataset, achieving an impressive
recognition accuracy of 88.1%. The performance of this
system rivals that of a single-layer neural network with
7850 free parameters. Similarly-sized networks have also
been utilized for solving second-order nonlinear dynamic
problems, successfully predicting expected dynamic
outputs [Figs. 6(g, h)] without prior knowledge of the
transfer function.

Milano et al. [85] have documented the phenomenon
of material reservoir computing within a fully memristive
architecture based on self-organized nanowire networks.
By virtue of the functional synaptic connections
endowed with nonlinear dynamical characteristics and
fading memory properties, the designless nanowire
complex network assumes the role of a physical reservoir
spanning the entire network, offering a bottom-up
approach to constructing a PRC system. Matsukatova
and colleagues [86] have proposed a fully organic RC
system comprised of a PANI-based organic memristive
devices (OMDs) reservoir and a PPX-based OMDs spiking
readout layer. Leveraging the rich dynamics of voltage-
dependent switching times in PANI-based OMDs, the
reservoir is capable of extracting key features from a 3-
bit input. Furthermore, the spiking readout layer
exhibits exceptional robustness to variations in memristive
characteristics, demonstrating only minimal accuracy
degradation in the presence of significant variability.
Prudnikov et al. [87] have presented a model of an RC
system featuring PANI-based organic memristors as the
reservoir. This system exhibits significant robustness to
variations in the internal states of the reservoir. Even if
the standard deviation of the reservoir states increases
by threefold, the classification accuracy of handwritten
digits in the MNIST dataset does not experience a
substantial decline. Koroleva and colleagues [88] have
presented an introduction to self-aligned CMOS-compat-
ible W/WO,/HfO2/Ru cell in a 3D vertical memristive
structure for RC systems. By employing the vertical
structure with an array stacking, the synaptic density of
the devices can be further enhanced.

3.2 Delayed feedback reservoir computing

As the performance of an RC system heavily relies on
the dimensionality of the reservoir space, enhancing the
RC system’s performance by increasing the number of
nodes in the reservoir becomes crucial [14]. Appeltant et
al. [89] employed a reservoir layer that maps temporal
information to spatial domain using a nonlinear node for
transformations and a delayed-feedback line. Along the
delayed line, virtual nodes can be defined to mimic the
presence of numerous nodes in the convention network
approach. By leveraging the dynamic characteristics of
the system, particularly the different time scales, virtual
interconnectivity can be created without the need for
many physical connections between all virtual nodes.

The system’s inertia introduces coupling between adjacent
virtual nodes, while the delayed feedback line accounts
for the strong self-coupling of each node with its previous
version. When tapping the delayed line at the position
of virtual nodes, the corresponding vector represents the
reservoir state [90]. The delayed coupling in the system
involves a continuous time interval [t-7, ], where 7 is the
delay time, which mathematically renders the state
space infinite-dimensional. Although the dynamics of the
time-delay system are still finite-dimensional in practice,
it exhibits high dimensionality and short-term memory
[89].

The training process of single-node delayed systems
aligns with the traditional network approaches of RC.
However, the fact that the input to the virtual nodes
requires to be introduced through a nonlinear node
introduces preprocessing of the input (time-multiplex-
ing), known as masking. Setting the masking has two
purposes: serializing the input and maximizing the effective
utilization of the system’s dimensionality. In the conven-
tional network approach, all nodes in the reservoir layer
can be directly accessed via direct connections from the
input layer. In the delayed feedback approach, the input
signal undergoes a mnonlinear transformation at the
nonlinear node and then propagates to the virtual nodes
through the delayed line. Time-multiplexing is used to
provide the input signal with appropriate scaling to the
corresponding virtual nodes. Thus, the input scaling also
needs to be imprinted on the input before injection. The
result is a piecewise constant input sequence with
constant intervals corresponding to the gaps between
virtual nodes on the delayed line [90]. Building the reservoir
using a single physical nonlinear node influenced by
delayed feedback enriches the dimensionality of the
reservoir space compared to traditional reservoir
approaches. The use of RC methods based on linear
time-delay systems with a single physical node influenced
by delayed feedback is appealing for hardware imple-
mentations using emerging devices.

Huagiang Wu and colleagues [91] have ingeniously
devised a novel RC system, predicated upon dynamic
memristors, that artfully employs a controllable mask
process to generate a diverse spectrum of reservoir states,
thereby augmenting the overall system performance, as
shown in Fig. 7(a). The mask process confers the ability
to finely tune the richness of reservoir states and feedback
strength, two key factors that profoundly influence the
performance of the RC system. Notably, the memristor's
response to input signal is directly harnessed as the
reservoir state, deftly leveraging the device's inherent
nonlinearity and obviating the need for supplementary
read operations. Furthermore, the nonlinear region of
the system can be deftly modulated by manipulating the
input signal range. Through meticulous calibration of
these system parameters, the implemented RC system
shows efficient processing of temporal signals. The efficacy

13401-12

Hao Chen, et al., Front. Phys. 19(1), 13401 (2024)



TOPICAL REVIEW FRONTIERS OF PHYSICS f ‘P

—

(a) ) ) (b)
Input Memrlst(,)r‘reservmr Output -
— (o — 2. 0+
o~ k=i
° PRV N I
. ~o S N [ ] -1 L l b
° . |e 0 50 100 150 200
| Mask Jln; o) S
. T . —— Target —— Output
’ \ e s 1
- = ~ - o
P \ ’,'\ =
- Q
L Time multiplexin; - W L E 05
plexing o’ N
o 3 . ‘ '
Virtnal nodes 0 50 100 150 200
Time (7)
() 0.4 B
% « Target N >0.13
» Output 0.12
0.2
M=4
0.1
~ V=25V
S 0
=
0.08
_02_
0.06
04 ' ' ' 0.04
-2 -1 0 1 2 1 2 4 5 10 20 25 50 100
x (m) Mask length M
© B e . & o s s\} IS \f' ST T r s
I)\l node |In Analogue input DM 1 A /§} S SA SK/ &/ L/&)BL,

'/?/ /?/%?/

o ey ERRE R
/7 /7 - A /7 A

Inteérator l lmegratot 2 //Imegrator 3 Integrator 4

v Analogue output
Out Out

®

Fig. 7 (a) Schematics illustration of dynamic memristor-based RC system with virtual nodes. (b) The input and classification
outcome of sinusoidal and square waveforms. (¢) The result of Hénon map prediction. (d) The prediction error varies with
the two test parameters M and V.. (a—d) Reproduced from Ref. [91]. (e) Schematics diagram of the DM-RC hardware
system. (f) Memristor-based RC system used to realize dynamic gesture recognition task. (e, f) Reproduced from Ref. [92].

Hao Chen, et al., Front. Phys. 19(1), 13401 (2024) 13401-13



Fe > FRONTIERS OF PHYSICS

TOPICAL REVIEW

of the RC system is rigorously evaluated across diverse
temporal classification tasks, including waveform classifi-
cation and spoken-digit recognition [Fig. 7(b)], where it
attains commendably low normalized root mean square
error (NRMSE) of a mere 0.14, and word error rate of
0.4%, respectively. Additionally, a time-series prediction
task of the Hénon map is accomplished [Figs. 7(c, d)],
yielding a remarkably low prediction error (NRMSE) of
0.046, which is merely half the value obtained by a standard
echo state network (ESN). In subsequent work, the team
has devised a fully analog RC system founded upon
virtual nodes [Fig. 7(e)], utilized for arrhythmia heartbeat
detection and dynamic gesture recognition [Fig. 7(f)],
fabricated employing a Ti/TiO,/Pd stack for the reservoir
and a TiN/TaO,/HfAlO,/TiN stack for the readout
array [92]. This approach permits direct signal transmission
and processing without any conversion or buffering. By
adjusting the hyperparameters, the dynamic memristor-
based RC system capably undertakes various spatiotem-
poral signal processing tasks in real-time with exceptionally
low power consumption, which is at least three orders of
magnitude lower in comparison to digital-signal-based
approaches. If this dynamic memristor-based RC system
can be employed as a fundamental unit for constructing
more intricate systems, it would yield a more abundant
state of storage and greater storage capacity, thereby
further enhancing the performance of the system, which
portends immense potential in the field of edge computing
in the future.

Recently, an intriguing idea has been proposed and
confirmed, which combines memristor-based RC systems
with neural probes for on-site, real-time processing of
neural signals [93]. Specifically, the research group has
designed a perovskite halide-based memristor with
extremely low switching voltage of less than 100 mV and
a current ranging from 1-100 nA, as well as short-term
memory effects, to serve as the reservoir. Using simulated
neural spike signals, it has been shown that the RC
system based on this device has the potential to directly
process neural spikes. To increase the reservoir size of a
single physical node, delayed feedback RC system, similar
to the previous approach, has been successfully used for
identifying neural discharge patterns, monitoring the
transitions of discharge patterns, and identifying neural
synchronization states among different neurons, as
shown in Figs. 8(a-d). Advanced neuroelectronic
systems with such memristor-based networks can
achieve efficient analysis of neural signals with high
spatiotemporal accuracy and may enable closed-loop
feedback control, demonstrating the potential of using
memristor-based RC systems for neural data analysis.

The electric-double-layer (EDL) formed at the interface
between a semiconductor and an electrolyte can offer
immense potential for constructing high-energy-efficient
PRC. In the work of Yang [94], an EDL-coupled indium

gallium zinc oxide (IGZO) artificial synapse was
employed to achieve reservoir computing. The various
reservoir states were obtained through a time-multiplexed
masking process based on ion relaxation, where the ion-
relaxation-coupled channel currents during different
duration were accumulated N times using different
masking matrices. This IGZO-based RC device exhibits
nonlinearity, fading memory characteristics, and low
average power consumption of 9.3 nW. Simulation-based
recognition of handwritten [Figs. 8(e, f)] and spoken
digit signals [Figs. 8(g, h)] resulted in energy consumption
of 1.9 nJ per stored state and maximum accuracies of
90.86% and 100%, respectively. These results demonstrate
the enormous potential of utilizing EDL coupling for
achieving PRC.

3.3

Next generation reservoir computing

The underlying concept of RC is that the reservoir
executes intricate nonlinear transformations on the input.
By appropriately selecting the network and accurately
sampling the readout, the intended output can be
approximated. In contrast, methods like Nonlinear
Vector Autoregression (NVAR) directly choose the
nonlinear transformations of the input, which constitute
the feature vector. The elements of this feature vector
are then combined linearly to produce the output [95].
Notably, there exists a discernible similarity between RC
and NVAR, and recent findings by Bollt have illustrated
that these methods are equivalent under certain conditions
[96]. Specifically, an RC employing linear activation
nodes in conjunction with a feature vector that is a
weighted sum of nonlinear functions of the reservoir
node values is a comparably powerful universal approxi-
mator [97, 98]. Moreover, mathematically speaking, such
an RC is equivalent to a nonlinear vector autoregression
model. In the case of NVAR, the reservoir is no need, as
the feature vector is composed to k time-delay observations
of the dynamical system to be learned, as well as nonlinear
functions of these observations [99].

Drawing inspiration from the research conducted by
Bollt, Gauthier and his colleagues applied aspects of RC
to NVAR, thereby introducing a novel approach termed
next generation reservoir computing (NG-RC). Similar
to what has been previously mentioned, NG-RC is a
distinctive form of nonlinear vector autoregressive
process that can be equivalently represented as a fusion
of a reservoir with linear activation nodes and a nonlinear
readout layer. The NG-RC model can be described as
[100]

Oni = [X (i), X (i —s),-++ , X (i — (k= 1)s)],
Ohoniin,i = Ohin,i [®] Ohin, i,

Ovotal,i = € @ Ohini @ Ononlin, i

Y (Z) = Woutototal,i~
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Wherein, i is the discrete time, Oy, ; is the linear feature
vector, X(i) is the input vector at time i, s is the time
interval, k& represents the number of groups comprising
the linear feature vector, Oyenin; is the nonlinear feature
vector at time 4, [®] denotes the operator that performs
the outer product of symbols on both sides and collects

of handwritten digit recognition task. (g) Audio waveform
Results of spoken-digit recognition tasks. (e-h) Reproduced

the unique monomials resulting from the outer product,
Ouri denotes the total feature vector at time 4, ¢ as
constant correction, Y(i) as the output value, Wy, signifies
the weight matrix connecting the reservoir to the output.
Specifically, they utilize Tikhonov regularization and
take into account correlations in the feature vector in
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Fig. 9 (a) NG-RC, which is equivalent to nonlinear vector autoregression. (b) Structure of the NG-RC reservoir for three-
dimensional timing signals predicting. (a, b) Reproduced from Ref. [100].

their approach. It yields favorable results in time-series
prediction tasks, with several advantages over conventional
RC. These advantages include fewer hyperparameters to
tune due to the absence of a reservoir, a demonstrated
requirement for shorter training data sets, and a smaller
output vector dimension compared to the number of
nodes in comparable reservoir computers. These factors
also result in shorter computation times.

While the nonlinear transformation process in NG-RC
circumvents the performance uncertainty and computa-
tional complexity associated with random connections in
traditional reservoirs, it still requires substantial hardware
and time overhead due to vector outer product operations
and removal of redundant components from high-dimen-
sional vectors. Ren et al. [100] proposed a hardware
implementation method based on in-memory computing
paradigm to simplify the NG-RC process, which

involved matrix-vector multiplication (MVM) to represent
the outer product between vectors and removing duplicate
mapped vectors by preserving the values of fixed position
elements after the outer product. In terms of hardware,
memristor arrays were used for MVM operations, and
selection line circuits of memristor arrays were used for
preserving elements. The NG-RC process was simplified
through matrix-vector multiplication operations, and
system power consumption was reduced by utilizing
memristor arrays for matrix-vector multiplication with
time-varying voltage as input and conductance mapped
to memristor arrays as weights, as shown in Fig. 9. The
feasibility of this approach was verified through simulation
experiments using the classic chaotic dynamical system
model Lorenz63 for 3D time series prediction tasks. The
simulation results showed that the prediction performance
is closely related to the output accuracy and weight
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accuracy. When the output accuracy reaches 16 bits, the
further improvement of output accuracy has negligible
impact on the prediction performance, and the system
exhibited good noise robustness. When the weight accuracy
reaches 8 bits, the short-term prediction (1 Lyapunov
time) of Lorenz63 3D time series can achieve good
prediction performance (NRMS less than 0.05), and it is
also capable of long-term prediction to some extent.

The introduction of single-node delayed RC has made
hardware implementation of RC more convenient,
addressing to some extent the challenges associated with
storage and update of neuron states in traditional reservoirs
due to their large neuron populations. However, since
virtual nodes are obtained through time division, the
connectivity topology of delayed reservoirs is fixed in
chronological order. It is implied that this type of
delayed reservoir still faces difficulties in parameter opti-
mization. One notable characteristic of NG-RC, in
comparison to traditional RC, is the absence of a reservoir
layer, resulting in fewer hyperparameters to be tuned
and effectively addressing the issue of parameter opti-
mization. Moreover, it is noteworthy that the use of
memristor arrays in NG-RC for implementing the extensive
multiplication operations offers faster computation speed
and lower power consumption compared to traditional
CMOS circuits.

4 Summary and outlook

As the fourth passive electronic component, memristor
can store charges in a constantly changing electric field
and retain them even after the field is removed, showing
a high degree of similarity to synapses in the human
brain. Therefore, memristors can be used to implement
neuron models in brain science and for developing RC
systems. Memristor-based RC has great development
potential, as it can provide higher computing efficiency
and lower energy consumption than traditional machine
learning techniques. Memristor possess characteristics
such as low power consumption, high density, rapid
response, and programmability. With further research,
the performance and stability of memristors have gradually
improved, and manufacturing processes have also been
enhanced, enabling the RC based on memristors to
advance further. This technology can be widely applied
in various fields, such as embedded systems, edge
computing, large-scale data analysis, mneuromorphic
computing, and sensing applications.

In the field of embedded systems, the RC system can
be applied in intelligent embedded devices, such as
smart homes and smart watches. These devices typically
have limited resources, and the efficiency and miniaturized
design of RC system make it an algorithm very suitable
for use in such devices. For example, it can be used in
scenarios such as voice and gesture recognition in smart

homes to increase the level of intelligence in embedded
devices. In edge computing, RC can be used for intelligent
processing in edge devices, thereby reducing data trans-
mission costs. By running RC algorithms on edge
devices, real-time analysis and response to sensor data
on edge devices can be achieved, reducing network
transmission volume and improving the efficiency and
reliability of edge computing systems. In the field of
large-scale data analysis, RC can be used for nonlinear
data modeling and prediction. Compared with traditional
machine learning algorithms, RC can better handle high-
dimensional and time-series data, thereby improving the
accuracy and reliability of data modeling. Additionally,
the efficiency of RC also makes it an ideal algorithm for
large-scale data analysis.

In the field of neuromorphic computing, memristor-
based RC systems demonstrate several key benefits.
Firstly, their high density allows for the integration of a
large number of neurons and synapses in a compact
space, facilitating the creation of large-scale neural
networks. This high density is crucial for achieving
complex and powerful computational capabilities. Addi-
tionally, memristors exhibit non-volatile memory proper-
ties, enabling the retention of information even when
power is turned off. This characteristic results in energy-
efficient computing as it reduces the need for continuous
power supply and minimizes data transfer requirements.
Memristor-based RC systems also excel in fast and
parallel processing. They enable computations to be
performed directly in memory, bypassing the need for
data transfer between memory and processing units.
This parallel processing capability accelerates computation
speed, reduces latency, and makes the systems highly
suitable for real-time applications where rapid decision-
making is critical.

In the realm of sensing applications, memristor-based
RC systems offer several advantages as well. Their high-
density architecture enables efficient processing of large
volumes of sensory data, leading to accurate and reliable
pattern recognition. Sensor fusion is another area where
memristor-based RC systems shine. By integrating data
from multiple sensors and leveraging the parallel
processing capabilities of the systems, sensor fusion can
be achieved. Furthermore, memristor-based RC systems
enable real-time processing of sensor data, making them
ideal for time-critical applications. Whether it's environ-
mental  monitoring, industrial = automation, or
autonomous systems, the ability to process data in real-
time allows for quick and accurate decision-making.
Lastly, the high density of memristor-based RC systems
enables the development of compact and portable sensing
devices. These devices can seamlessly integrate into
wearable technologies, Internet of Things (IoT) devices,
and smart environments, facilitating the deployment of
intelligent and efficient sensing capabilities.

In conclusion, the high density, low power consump-
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tion, fast parallel processing, and sensor fusion capabilities
of memristor-based RC systems make them invaluable
for their potential application in future efficient and
intelligent processing of large-scale data in various
domains.

However, memristor-based RC also faces some chal-
lenges. Firstly, in large-scale reservoir computing, device-
to-device variations of the memristor are inevitable, such
as resistance range, switching behavior, and noise char-
acteristics. These variations can introduce non-idealities
to the RC system. They may arise due to manufacturing
defects, material inhomogeneities, and environmental
factors, leading to disparate responses among individual
memristive devices and impacting the overall performance
of the reservoir. In certain cases, the effects of device
variations can be mitigated by employing appropriate
training algorithms or compensation mechanisms.
However, significant variations can result in unwanted
distortions, increase the complexity of training, and
reduce the overall accuracy and stability of the RC
system. Furthermore, the manufacturing and integration
technology of memristors is not yet fully mature, which
limits their applied scope and reliability. In summary,
memristors-based RC is still in its infancy and requires
further research and development of algorithm, to meet
the needs of various application scenarios.
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