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Physical Reservoir Computing Utilizing Ion-Gating
Transistors Operating in Electric Double Layer and Redox
Mechanisms

Takashi Tsuchiya,* Daiki Nishioka, Wataru Namiki, and Kazuya Terabe

The enormous energy consumption of modern machine learning
technologies, such as deep learning and generative artificial intelligence, is
one of the most critical concerns of the time. To solve this problem, physical
reservoir computing, which uses the non-linear dynamics exhibited by
mechanical systems such as materials and devices as a computational
resource for highly efficient information processing, has attracted much
attention in recent years. In particular, ion-gated transistors, a group of
devices that control electrical conductivity using electrochemical mechanisms
such as electric double layers and redox, show very high computational
performance with complex and diverse output properties in contrast to their
simple structures, due to the complexity of the physical and chemical
processes involved. This research provides an overview of physical reservoir
computing using ion-gating transistors, focusing on the materials used,
various computational tasks, and operating mechanisms.

1. Background Story of Physical Reservoir
Computing and Ion-Gating Transistors

Nowadays, the development of machine learning, represented by
deep learning and generative AI, has transformed modern life
depending on information.[1] The ability to learn and analyze vast
amounts of information that would be unmanageable to humans
and to generate various types of digital content such as natural
text, images, music, and movies, which previously could only be
produced by humans, is the result of advances in AI software
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running on computers.[2] However, while
machine learning has rapidly grown into
a versatile tool, it is also causing se-
vere social problems. That is the vast
power consumption associated with run-
ning high-load information processing
on conventional computers with von
Neumann architecture.[3] To solve this
problem, more than conventional soft-
ware improvements are needed, but the
computer that performs the information
processing, i.e., the hardware, needs to
be improved. From this perspective, neu-
romorphic computing has attracted at-
tention in recent years. For example,
the physical implementation of hierarchi-
cal neural networks using semiconduc-
tor circuits based on CMOS or memris-
tors allows mainly sum-of-products op-
erations to be processed with low power

consumption.[4–8] In this case, the operation is performed by ex-
pressing the connection weights, corresponding to the connec-
tion strengths between neurons in biological neural networks,
using the electrical resistances in the physical elements. Al-
though this method can, in principle, reproduce any hierarchi-
cal neural network and can be expected to consume considerably
less power, a high information processing load is still unavoid-
able for recording and updating the large number of connection
weights used in general deep learning. For this reason, reservoir
computing has been recently considered a promising solution to
these problems and to achieve further low-power consumption
through neuromorphic computing.[9–12]

Reservoir computing (RC) is a machine learning framework
derived from the recurrent neural network model with recurrent
structures inside the network, unlike a multi-layer neural net-
work with a hierarchical structure.[9] The two models are com-
pared in Figure 1a. A reservoir network consists of a reservoir,
of which function corresponds to the hidden layers (interlayers)
of multi-layer neural networks and transforms the input data,
and a readout, where the reservoir remains unchanged and fixed
during the learning process. The readout uses a learning mech-
anism such as a linear learner algorithm to train (update) the
connection weights (W). Since the number of W is far smaller
than deep learning, reservoir computing enables fast learning.
Detailed background of RC was reported elsewhere.[9–12] In par-
ticular, physical reservoir computing (PRC) has attracted atten-
tion because information processing inside the reservoir can
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Figure 1. a) Comparison with multi-layer neural network and reservoir computing models. b–l) various physical reservoir computing materials and
devices.[13,15–22,25,38] Reproduced with permission.[13] Copyright 2015, Springer Nature. Reproduced with permission.[15] Copyright 2021, Frontiers Me-
dia SA. Reproduced with permission.[16] Copyright 2017, Springer Nature. Reproduced with permission.[17] Copyright 2022, IOP Publishing. Reproduced
with permission.[18] Copyright 2021, Wiley. Reproduced with permission.[19] Copyright 2022, Wiley. Reproduced with permission.[20] Copyright 2022,
Springer Nature. Reproduced with permission.[21] Copyright 2012, Springer Nature. Reproduced with permission.[22] Copyright 2022, Springer Nature.
Reproduced with permission.[25] Copyright 2018, IEEE. Reproduced with permission.[38] Copyright 2022, the American Association for the Advance-
ment of Science. m) Comparison with frequency range of various events for PRC applications. n) Computing performance (normalized mean square
error for NARMA2 task)-reservoir volume relationship of reported PRC devices with relatively small reservoir volume. Reproduced with permission.[45]

Copyright 2023, Springer Nature.
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instead be physically implemented using the nonlinear response
of materials and devices, known as “physical reservoirs”.[11]

For example, in a PRC using a soft silicone arm immersed
underwater as a physical reservoir, typical time series data
predictions such as nonlinear autoregressive moving-average
(NARMA) tasks were performed using the complex arm motion
in a water tank, which was detected by bend sensors embedded
within the arm, as shown in Figure 1b.[13] Figure 1c shows a phys-
ical network of an atomic switch, a resistive switching device op-
erating in the reversible generation and annihilation of metal-
lic nanofilaments, applied to PRC.[14,15] The electrical response
of self-assembled nanowire networks was utilized for waveform
generation and spoken digit classification. A cross-bar array of
WOx thin film-based resistive switching devices, memristors, are
applied to PRC, as shown in Figure 1d.[16] Nonlinear electrical be-
haviors of networks consisting of single-walled carbon nanotube
(SWNT) or sulfonated polyaniline (SPAN) were utilized to per-
form PRC, as shown in Figure 1e,f.[17,18] The ionic current re-
sponse of an electrochemical cell with polyoxometalate (POM)
solution or ionic liquid (IL) was applied to time series data pro-
cessing, as shown in Figure 1g,h.[19,20] In PRC using an opto-
electric circuit with a Mach-Zehnder modulator and delay line,
benchmark tests such as NARMA and spoken digit recognition
were performed, as shown in Figure 1i.[21] Electrical response
accompanied by polarization reversal of ferroelectric field effect
transistors (FeFETs) with a HfO2-based ferroelectric thin film, as
shown in Figure 1j, was applied to second-order nonlinear dy-
namic equation tasks.[22] Related to spintronics technologies, the
fast nonlinear response in the MHz to GHz band obtained by
spin torque oscillators and spin-wave interference was used, as
shown in Figure 1k.[23–29] There are many other examples besides
these.[30–37]

Recently, one class has shown exciting developments. That
is, ion-gating transistors-based PRCs.[38–48] Ion-gating transistors
are understood based on replacing the dielectric layer of a typical
field-effect transistor with an ion-conducting material. They can
tune the electrical conductance of semiconductor channels by us-
ing a variety of ionic behaviors, as shown in Figure 1l.[38] For per-
forming PRC, information is input to a physical reservoir, and
its transient response is used as a computational resource, so the
time constant of the input information and the time constant of
the response of the physical reservoir are desired to be close for
minimizing the additional processing costs.[49] In practical use,
the physical reservoirs are required to respond to a wide range of
time constants because the physical reservoirs input and process
a variety of information (e.g., mechanical motion, audible sound,
blood glucose level, heartbeat, financial data, earthquake) in the
environment measured in real-time by sensors and other means,
as shown in Figure 1m. However, physical phenomena generally
have inherent time constants, and it is difficult to modulate them
significantly, except for analog electrical elements unsuitable for
integration.

In contrast, time constants electrical response in ion-gating
transistors can be widely modulated from microseconds to over
1000 s due to the varied transport properties of mobile ions
and electrons in ion-conducting materials. In contrast, ion-
gating transistors have a simple structure consisting of thin lay-
ers of electrolyte thin films and semiconductors,[42,50–58] mak-
ing the ion-gating transistors attractive in the aspect of com-

puting performance-reservoir volume relationship as shown in
Figure 1n.[42,50–58] The ion-gating transistor is thus a promising
PRC platform compatible with wide response speed, high in-
tegrity, and high computing performance. This article reviews re-
cent advances in state-of-art PRCs based on ion-gating transistors
from aspects of the operation mechanism of ion-gating transis-
tors, including the electric double layer (EDL) effect and redox
reactions, and the PRC performance and characteristics as phys-
ical reservoirs.

2. Operation Mechanisms of EDL and Redox
Transistors

Ion-gating transistors are field-effect transistors in which the
electrical conductance of the semiconductor channel is modu-
lated by electronic carrier density tuning through the EDL effect
or redox in the vicinity of the electrolyte/semiconductor channel
interface.[50–58] Figure 2a,b shows schematic illustrations of EDL
and redox transistors comprising a Li+ conducting electrolyte.
Both transistors seemingly have a common FET structure
comprising electrolyte, semiconductor channel, and electrodes,
including source, drain, and gate. The one significant difference
between them is the occurrence of ion transfer, resulting in ion
insertion into the semiconductor channel: ion insertion occurs in
redox transistors due to the ion (chemical) capacity of the semi-
conductor channel but does not happen in EDL transistor (EDLT)
due to ion-blocking property of semiconductor channel. In the
operation mechanism of EDLT shown in Figure 2a, the mobile
ion in the electrolyte is driven toward the semiconductor channel
or gate electrode under the VG-applied conditions. EDL, with the
electric charge of ion/vacancy in the electrolyte and electronic
charge with the opposite polarity in the semiconductor channel
surface, is formed in the vicinity of the electrolyte/semiconductor
channel interface to modulate electronic carrier density of the
surface of the semiconductor channel along the relationship
Q = CEDLV, where Q, CEDL, and V are accumulated charge
density, EDL capacity, and voltage applied to the interface.[51]

This corresponds to the Fermi level (EF) shift on the surface
of the semiconductor channel, as shown in the lower panel of
Figure 2a. Since CEDL is known to exceed several μF cm−2, EDLT
has excellent carrier density tunability. In particular, electronic
carrier doping by EDLT does not introduce defects in the semi-
conductor channel, which is advantageous to maintain electron
mobility even under high-density electronic carrier conditions.

On the other hand, in the operation mechanism of redox tran-
sistors shown in Figure 2b, mobile ions in the electrolyte, driven
by the applied VG, are inserted into the semiconductor channel.
This causes a redox reaction, leading to variation in EF accompa-
nied by electronic carrier density, as shown in the lower panel of
Figure 2b. Suppose we assume an oxide semiconductor MOx as
the semiconductor for example. It corresponds to the redox re-
action of component ions in the semiconductor channel Mn + +
e− → M(n − 1) +, resulting in electronic conductivity modulation in
the semiconductor. Since typical semiconductor channel materi-
als for redox transistors have a large chemical capacity reaching
1021 cm−3, huge electronic conductivity tuning is also possible for
redox transistors. One notable difference in the carrier doping be-
havior between redox transistors and EDLTs is electronic carrier
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Figure 2. Operation mechanisms and the corresponding energy diagrams of a) EDLT and b) redox transistor.

distribution in the semiconductor channel. Whereas doped elec-
tronic carriers are accumulated on the surface of the semiconduc-
tor channel for EDLTs, those are basically distributed in the whole
area of the semiconductor channel for redox transistors, as de-
scribed in the lower panels of Figure 2. This can affect the electri-
cal response of the transistors. Since relatively slow ion/electron
transport in the whole channel is involved in the electrical re-
sponse, redox transistors tend to show a slow electrical response
compared to EDLTs. As a wide range of response time (time con-
stant) is required for PRC toward practical use, the wide variety of
time constants in electrical response is the attractiveness of ion-
gating transistors. Furthermore, the electrical response is under
the influence of electric carrier transport/transfer processes in-
cluded in the transistors’ layered structure, enhancing the elec-
trical response’s diversity and complexity in contrast to the ap-
parently simple structure.

3. Physical Implementation of RC with Ion-Gating
Transistors

A primary function of physical reservoirs in PRC is mapping
input u(k), which is time series data at discrete time step k, to
high dimensional feature space through the nonlinear response
of the physical reservoir.[12] Figure 3a shows a schematic illustra-
tion of the general PRC processing. In the N-dimensional feature
space with reservoir states Xi (i = 1, 2, 3…N), pattern recognition
of different labels, which are included in u(k), by separating hy-
perplanes becomes possible. As an example, the relationship be-
tween u(k), Xi(k) and mapping function fi for the case in which is

dependent on u(k) and Xi(k − 1), which is Xi(k) for one step past
k − 1, is given as follows;

Xi (k) = fi
[
u (k) , Xi (k − 1)

]
(1)

This property of f = (f1, f2,., fn), nonlinear transformation ca-
pability of u(k) to the high dimensional feature space is termed
as “nonlinearity” of physical reservoirs. In simpler terms, non-
linearity is understood as a nonlinear relationship between input
and output. The role of physical reservoirs in PRC is the physical
implementation of f and a connected network structure between
reservoir states by the nonlinear response of materials or devices.
As a broad argument, if one could give an example similar to the
function of physical reservoirs, it would be a frequency-selective
filter, in which an original signal is transformed into another sig-
nal with different frequency components. However, in the case
of PRC, the relationship among each state in the time domain
can be learned, making the PRC significantly useful for versatile
information processing.

For the PRC’s better performance, high dimensionality, and
short-term memory, as well as nonlinearity, are required for phys-
ical reservoirs. High dimensionality and short-term memory can
be interpreted as versatility of output, and capacity to tempo-
rally store information input to the materials or devices, respec-
tively. While the former makes pattern recognition by separat-
ing hyperplanes easier thanks to a sufficient degree of freedom
in the higher dimensional feature space, the latter is for learn-
ing temporal dynamics of u(k). In the cases with fully-simulated
RC, f

(
fi = fj, i ≠ j

)
is explicitly described in mathematic
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Figure 3. a) A schematic illustration of the general PRC processing. b) a schematic illustration of RC. c) A schematic of the second-order nonlinear
dynamic equation task with an ion-gating reservoir.[38] Reproduced with permission.[38] Copyright 2022, the American Association for the Advancement
of Science.

expression and simulated on the CPU-based computation. On
the other hand, in the cases with PRC, f and a connected net-
work structure between reservoir states are embedded in physi-
cal reservoirs as inherent materials characteristics and generally
dependent on various operating conditions, making f complex(
fi = fj, i ≠ j

)
. Although it is not straightforward to clarify the ex-

act expression of f, the characteristic is advantageous for obtain-
ing diverse output and resulting in high performance.

Figure 3b shows a schematic illustration of RC. The reservoir
output y(k) at discrete time step k is obtained by the linear combi-

nation of reservoir state Xi(k) and readout weight Wi as follows;

y (k) =
N∑

i=1

WiXi (k) + b (2a)

= WX (k) + b (2b)

where b is the bias; N is the reservoir size; W = (W1, W2, …, WN)
is the readout weight vector; X(k) = [X1(k), X2(k), …, XN(k)]T is the

Adv. Electron. Mater. 2024, 10, 2400625 2400625 (5 of 19) © 2024 The Author(s). Advanced Electronic Materials published by Wiley-VCH GmbH

 2199160x, 2024, 12, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/aelm

.202400625 by N
ational Institute For, W

iley O
nline L

ibrary on [11/12/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

http://www.advancedsciencenews.com
http://www.advelectronicmat.de


www.advancedsciencenews.com www.advelectronicmat.de

reservoir state vector.[40] A typical task execution process with a
PRC consists of training and test phases. In the training phase,
Wi are trained by linear regression or ridge regression to mini-
mize error between y(k) and the model output yt(k), which is gen-
erated by equations corresponding to specific tasks. In the test
phase, Wi are fixed, and PRC performance is evaluated based on
error between y(k), corresponding to the prediction waveform, to
yt(k) for a different input u(k) than in the training phase. There-
fore, consistency in the non-linear mapping of the reservoir to
the inputs is essential for the trained Wi to work effectively with
unknown data. This is also referred to as the echo-state property
and is achieved by adjusting the topology of the network structure
and the spectral radius related to the recurrent weights in the case
of simulated RC, whereas in the case of PRC, it is achieved by in-
troducing deterministic non-linear dynamics and improving the
signal-to-noise in the state observation. Normalized mean square
error (NMSE) is used as an appropriate error suitable for compar-
ison.

NMSE = 1
M

∑M
k=1

[
yt (k) − y (k)

]2

𝜎2
[
yt (k)

] (3)

where M is the data length; 𝜎2(·) is the variance. The NMSE is also
often introduced as an error normalized by the sum of squares
of the target data, as follows;

NMSE =
∑M

k=1

[
yt (k) − y (k)

]2

∑M
k=1

[
yt (k)

]2
(4)

Mean square error (MSE) and root mean square error (RMSE)
are alternatively used. Since these are entirely different, compar-
ing PRC performance by mixing these makes no meaning.

The PRC scheme discussed above is outlined below, tak-
ing the second-order nonlinear dynamic equation task with an
EDLT (ion-gating reservoir transistor, IGRT) as an example.[38] A
schematic of the task is shown in Figure 3c. The target (model
output) yt(k) for the task is expressed by the following equation;

yt (k) = 0.4yt (k − 1) + 0.4yt (k − 1) yt (k − 2) + 0.6u3 (k) + 0.1 (5)

where k and u(k)= [0,0.5] are discrete time steps and a random in-
put that were applied to IGRT as gate voltage (VG) pulse streams,
respectively. The reservoir states Xi(k) were obtained from the
drain current (ID) response, which is widely varied by the strong
influence of VG application hysteresis, as discussed in the for-
mer section. The reservoir output y(k) is the linear combination
of Xi(k) and readout weights Wi trained in the manner discussed
along equations 2a and 2b. The physical node is defined as the
terminal in which Xi(k) is experimentally measured and corre-
sponds to the drain electrode in the present case.

One notable advantage of a transistor structure is that in-
creasing physical nodes is easily achieved merely by increasing
the drain electrodes, in contrast to other PRC devices, which
have a limited degree of freedom for device structure or mate-
rials nature.[13,21] In the present example, the IGRT has an 8-
channel (drain)-1-gate-1-source structure with 8 different chan-
nel lengths, as shown in Figure 3c. The 8 different drains give
8 physical nodes in the RC. By applying the VG pulse stream,

which is converted from u(k), to the common gate, 8 different ID
responses are measured from the 8 drains. Since one VG pulse
corresponds to u(k) at a discrete time step k, the real-time evolu-
tion of ID during VG pulse application and the following interval,
ID can provide multiple reservoir states from each time; virtual
nodes. 10 virtual nodes are obtained from each of 8 different ID
responses, as shown in the right panel of Figure 3c. Accordingly,
the IGRT provides 80 nodes in total. The target waveform is re-
produced from a linear combination of the 80 nodes (reservoir
states Xi(k)) with 80 readout weights Wi. Through the training
and test phases discussed above, PRC is performed.

4. PRC Using Ion-Gating Transistors

4.1. PRC Using EDL-based Ion-Gating Transistors

The application of EDL transistor (EDLT) to PRC was first re-
ported by Nishioka et al.[38] Their EDLT comprises of Li+ con-
ducting Li-Si-Zr-O (LSZO) amorphous thin film and hydrogen-
terminated diamond single crystal (100) was applied to PRC,
as shown in Figure 4a.[38] As the hydrogen-terminated dia-
mond shows excellent p-type semiconduction due to the two-
dimensional hole gas (2DHG) on the hydrogen-terminated sur-
face, the electrical conductance is widely controllable in the four
orders of magnitude by reversible EDL charging–discharging at
the diamond/LSZO interface under the small VG application.[59]

Since the surface p-type conduction of the diamond channel
strongly affects on Li+ transport as the channel resistance works
as an additional resistance to an electrical resistance for Li+ trans-
port resistance of LSZO thin film, the electrical response of the
EDL charging–discharging, including Li+ and hole transport, is
sensitive to the current condition of EDL charge at the loca-
tion, as termed as ion-electron coupled dynamics. Thanks to the
mechanism, the EDL-based ion-gating reservoir (IGR) showed
diverse drain current output with a variety of relaxation times
and spike intensities, leading to enhanced high dimensionality
(diversity of output), as shown in Figure 4b. The reservoir states
obtained from the drain currents were useful for performing
hand-written digit recognition with the MNIST dataset. As shown
in Figure 4c, EDL-based IGR showed excellent performance in
spite of a very small network size compared to a three-layer neu-
ral network.[38] Furthermore, a more difficult benchmark task
termed the second-order nonlinear dynamic equation task, was
performed. Schematic of the task performed by the EDL-IGR is
shown in Figure 3c. Reservoir states were from the real-time elec-
trical response of the EDLT. Figure 5a shows a comparison be-
tween the target waveform (generated by the second-order non-
linear dynamic equation) and prediction waveform (generated
from the EDLT output) with a very small deviation (error). The
EDL-IGR showed outstanding prediction accuracy, far higher
than competing PRCs (spin torque oscillator and memristor), as
shown in Figure 5b. Such good computational performance of
the EDL-IGR is due to its ability to effectively exploit the complex
and diverse features inherent in the ion-electron-coupled dynam-
ics of IGR as reservoir states.[38] It was theoretically predicted
that dynamical systems in the edge-of-chaos state, which is in
between order and chaotic states (but in the order region), give
high performance to reservoir computing.[60,61] Figure 5c shows
the Lyapunov spectrum of the IGR, which was obtained by the
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Figure 4. a) Illustrations of synaptic responses in the ion-gating reservoir (IGR) operating in an electric double-layer mechanism. b) Various drain current
responses of the IGR at different channel lengths. c) Image recognition accuracy achieved by IGR as a function of the number of trained images. The
dotted line shows the accuracy of a typical, full-simulation, 3-layer neural network (NN).[38] Reproduced with permission.[38] Copyright 2022, published
by the American Association for the Advancement of Science.

Jacobi matrix method. The maximum Lyapunov exponent (𝜆Max),
taking a very small and negative value (−6.3 × 10−3), supports
that the IGR is on the edge of chaos state, which is suggested to
be the origin of the high performance.

The performance of the EDL-IGR was further improved by the
modification of operation methods.[39,40] In normal operation, the
gate voltage (VG) stream, which is converted from time series
data u(k), is input to the gate electrode, as shown in Figure 6a.[39]

On the other hand, in the inverted input method, inverted in-
put u′(k) is generated by the relationship (u′(k) = 0.5 − u(k)). u′(k)

is also converted to VG stream and input to the gate electrode.
Whereas the generation of u′(k) is very simple linear transforma-
tion, the method is powerful to reduce the prediction error in the
second-order nonlinear equation task to as low as 50%, as shown
in Figure 6b,c, supporting the notable contribution from the ad-
ditional reservoir states provided by the inverted input method.

Another example of modified operation methods is deep reser-
voir computing.[40] Deep learning acquired its high expression
power and high network flexibility through deep layering. Sim-
ilar benefits of deep layering are expected to occur even in PRC

Figure 5. a) Target and prediction waveforms of 2nd order nonlinear dynamic equation at the test phase. b) Prediction error compared to other physical
reservoirs. c) Lyapunov spectrum of the IGR, calculated by the Jacobi matrix method.[38] Reproduced with permission.[38] Copyright 2022, the American
Association for the Advancement of Science.
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Figure 6. a) General scheme of PRC and the basic role of inverted input in PRC. The target and prediction waveforms under conditions without b) u′(k)
and c) with u′(k) in a pulse period of 70 ms and duty rate of 70%.[39] Reproduced with permission.[39] Copyright 2024, IOP Publishing Ltd.

due to the expansion of network size, whereas an increase in com-
putational costs is limited because a significant part of the com-
putation is physically implemented by the dynamical behavior of
physical reservoirs.[62] In this viewpoint, deep RC was applied
to EDL-IGR to seek PRC performance improvement. Figure 7a
shows a schematic diagram of deep-IGR applied to EDL-IGR.[40]

One notable feature of the network is that reservoir states in reser-
voir layers, from the 1st to the Lth layer, are used for training
in the Lth layer. In the case of EDL-IGR, only the present deep
RC model gave notable performance enhancement. Figure 7b
shows target and prediction waveforms for the second-order non-
linear autoregressive moving average (NARMA2), which is a typi-
cal benchmark obtained with single-layer RC and 4-layer RC. The
deep RC enabled prediction error reduction by a third. Figure 7c
compares the performance with the other reported PRC devices.
The deep RC with EDL-IGR outperformed not only the other PRC
devices but also full-simulation RC using an echo state network
(ESN), which shows far better performance than known physi-
cal reservoirs.[40] The result indicates that the deep RC method
is advantageous for PRC with ion-gating transistors and is fur-
ther applicable to the other PRC devices toward performance en-
hancement.

Mobile ions other than Li+ have been utilized for EDLT-based
PRC. One is a proton. Y. Yang et al. reported a PRC device

consisting of an indium-gallium-zinc-oxide (IGZO) semiconduc-
tor channel and proton conducting SiO2 electrolyte, which was
prepared by the plasma-enhanced chemical vapor method, as
shown in Figure 8a.[41] It operates based on conductance modula-
tion in the IGZO channel due to the EDL charging–discharging
mechanism. The first EDL charging process of excitatory post-
synaptic current (EPSC) response is described by the following
equation:[41]

ΔI = 𝜅 ⋅
[
1 − exp

(
− t
𝜏

)]
(6)

where 𝜅 and 𝜏 are the coefficient and time constant for the EDL
charging. For the EDLT in the study, 𝜏 was calculated to be 79.26
ms, which is in the typical range of 𝜏 for EDLTs.[42] The EDLT
response was applied to PRC for the spoken-digit recognition
task.[41] Figure 8b shows an example of an audio waveform cor-
responding to the digit “nine” included in the standard NIST
TI-46 database.[41] Such audio waveforms were first filtered into
frequency channels. The filtered signals were preprocessed by
mask matrixes for time multiplexing and were converted into
gate voltage pulse trains and fed to the EDLT (reservoir). The test
results are shown in Figure 8c, indicating the EDLT successfully

Adv. Electron. Mater. 2024, 10, 2400625 2400625 (8 of 19) © 2024 The Author(s). Advanced Electronic Materials published by Wiley-VCH GmbH
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Figure 7. a) Schematic diagram of layer L of a deep-IGR (Network 3) with node selection. b) Target waveform and predicted waveform for NARMA2 task
at L = 4. c) Performance comparison with other physical reservoirs by the second-order nonlinear autoregressive moving average (NARMA2) task.[40]

Reproduced with permission.[40] Copyright 2024, Springer Nature.

Figure 8. a) Schematic diagram of the biological neuron, synapses, and device structure. A typical EPSC triggered by a gate voltage pulse. b) Audio
waveform corresponding to the digit nine pronounced by a speaker. c) Results by simulating 50 times of spoken-digit recognition tasks. Reproduced
with permission.[41] Copyright 2023, AIP Publishing.

Adv. Electron. Mater. 2024, 10, 2400625 2400625 (9 of 19) © 2024 The Author(s). Advanced Electronic Materials published by Wiley-VCH GmbH
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Figure 9. a) Illustration of H-diamond-based EDLT comprised of porous YSZ. b) Comparison of 𝜏 with other EDLTs. c) Generated waveform by the IGR
and target waveforms for d) Sin, e) Square, f) Shift, and g) 2f.[42] Reproduced with permission.[42] Copyright 2023, Elsevier.

recognizes all of the spoken digits with low error, although cross-
validation is left for reliable evaluation.[41]

Usually, inorganic solid electrolytes’ ion conductivity is insuf-
ficient at RT due to low diffusion coefficient.[63] However, nanos-
tructured oxide with meso-, nanopores, or nanograins are known
to show exceptionally high proton conductivity at RT thanks to
highly mobile protons provided by water molecule layers formed
on the surface of pores or grains.[64–69] Takayanagi et al. fabricated
an EDLT consisting of porous yttria-stabilized zirconia (YSZ) pro-
ton conductor and hydrogen-terminated diamond single crys-
tal (100), as shown in Figure 9a.[42] The YSZ-EDLT showed the
fastest response in reported EDLTs, with a time constant (𝜏) of
27 μs, due to the excellent proton conductivity of the porous YSZ
thin film, as shown in Figure 9b.[42] Like Li+-based EDLTs, the
EDLT showed wide drain current tunability and was applied to
a nonlinear waveform transformation task, a PRC benchmark.
Figure 9c shows the generated waveform by the IGR and target
waveforms for Sin, Square, Shift, and 2f.[42] The accuracy for the
task was much better than nanowire network-type PRC except for
transformation to Square wave.

In addition to Li+ and H+, oxide ion is a typical mobile ion
for EDLTs.[70] Fang et al. utilized amorphous-TaOx thin film as
an O2− conducting electrolyte to fabricate EDLT for performing
PRC, as shown in Figure 10a.[43] Electron density in the IGZO

channel is reversibly tuned by EDL charging–discharging due to
O2− (V2+

O ) transport. One of the notable features of the device is
the long time constant (𝜏) exceeding 10 s, which is advantageous
for processing time series events with such a long relaxation time
(e.g., earthquake, destruction of buildings, blood glucose fluctua-
tion). It was applied to the H énon map prediction task, which is
a classic discrete-time dynamic system exhibiting chaotic behav-
ior and thus useful as a benchmark task of PRC.[43] Figure 10b
shows a 2D plot of the target and output (prediction) waveforms
in the testing phase, achieved with three different EDLT devices.
The result shows a very low normalized root mean square error
(NRMSE), supporting that the EDLT-based PRC has excellent ca-
pability. As shown in Figure 10c, NRMSE decreases as the num-
ber of EDLT devices is used as a reservoir, indicating the paral-
lel connection of the reservoir layer is also advantageous, as well
as the serial connection of the reservoir layer in deep-RC as dis-
cussed in Figure 7.

4.2. PRC Using Redox-based Ion-Gating Transistors

Redox transistors consisting of ion-electron mixed conducting
channels are useful for transforming time series data through
the electrical conductivity of the channel; thus, they have been

Adv. Electron. Mater. 2024, 10, 2400625 2400625 (10 of 19) © 2024 The Author(s). Advanced Electronic Materials published by Wiley-VCH GmbH
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Figure 10. a) Schematic image of ionic switching mechanism for as-fabricated TaOx-based EGT. b) The experimental output from the RC system versus
the ideal target in the testing process. The result is shown as a 2D plot. c) NRMSE of the RC system integrated with different reservoir numbers.[43]

Reproduced with permission.[43] Copyright 2023, Wiley.

applied to PRC. As shown in Figure 11a, Wada et al. fabricated
a redox transistor comprising Li+ and electron-mixed conduct-
ing LixWO3 thin film, which has been a key material for elec-
trochromic windows,[44] as the channel semiconductor material
and a lithium-ion conducting glass ceramic (LICGC) substrate, of
which the main crystalline component is Li1+x+yAlxTi2-xSiyP3-yO12
with NASICON (Na superionic conductor) structure accompa-
nied with high Li+ ion conductivity of 1× 10−3 Scm−1 at RT.[71] Re-
dox reaction of gate voltage (VG)-driven insertion and desertion of
Li+ and electron in LixWO3 thin film enables reversible electronic
conductivity tuning, and the hysteretic behavior of drain current
is dependent on the VG sweep rate, as shown in Figure 11b. Due
to the large Li+ capacity (chemical capacity) of the LixWO3 thin
film, a significant gate current is observed in the electrical char-
acteristic. Figure 11c shows the VG pulse stream, drain response,
and gate response during the redox-based ion-gating transistor.
The drain current response shows a waveform with features dif-
ferent from the VG pulse stream, supporting the transistor has a
nonlinear transformation capability. An interesting point to note
is that the behavior of the gate current response also differs from
the one of the drain current. This enables obtaining reservoir
states not only from the drain current response but also from
the gate current response, as shown in Figure 11d. The double
reservoir states are advantageous for improving high dimension-
ality based on the limited number of physical nodes of ion-gating
devices. A similar approach was used for ferroelectric field effect
transistors-based RC.[22]

LiCoO2 is a typical cathode material for lithium-ion batter-
ies and has also been used as a channel material for ion-gating
transistors.[54,72] Shibata et al. applied a LiCoO2-based redox tran-
sistor to PRC.[45] Figure 12a shows schematic and cross-sectional
scanning electron microscope (SEM) images of the transistor
consisting of a LiCoO2 channel and Li+ conducting Li3PO4
thin film electrolyte.[45] Physical masking was developed to im-
prove redox-based transistors’ relatively low PRC performance, as
shown in Figure 12b. Masking is a method for sequentializing the
input and maximizing the effectively used dimensionality of the
system. It is usually done by adding a mask waveform to the orig-
inal input waveform to generate the masked input waveform.[73]

Although it can improve PRC performance, generating masked
input requires additional processing of input waveform. How-

ever, as shown in Figure 12b, the mask waveform is directly ap-
plied to the drain electrode as drain voltage in the physical mask-
ing, omitting the additional information processing to generate
the masked waveform. Figure 12c shows a comparison of reser-
voir states with and without physical masking. As seen from the
right panels for conditions with physical masking, diverse output
was attained by the method. This achieved as large as a 60 per-
cent reduction of normalized mean square error (NMSE) for the
second-order dynamic equation, supporting the notable effect of
the method.

Organic gel electrolytes, as well as inorganic solid electrolytes,
were used for redox-based PRC. In particular, organic elec-
trolytes are suitable for flexible and wearable electronics. Liu
et al. developed a near-sensor PRC system based on a flexi-
ble multi-gate electrolyte-gated transistor (EGT) consisting of an
ion-gel electrolyte made of ionic liquid [EMI][TFSA] and poly-
mer P(VDF-HFP) and organic semiconductor P3HT, as shown
in Figure 13a.[46] Information detected from multiple sensors
is converted to electrical voltage streams and received by the
multi-gate electrodes. The voltage-driven ion transport in the
electrolyte causes ion doping (redox) in the P3HT channel, lead-
ing to dynamic conductance modulation of P3HT, which is used
as reservoir states for feature extraction (pre-processing) towards
gait recognition (post-processing). In this work, the PRC system
was used to recognize four gait patterns, including walking gait,
jumping gait, festinating gait, and freezing of gait. Figure 13b
shows the color confusion map showing the simulated classifi-
cation results during inference, where the color confusion ma-
trix plots the identified type as a function of the ground truth
result, and the pixel darkness represents the accuracy of the cor-
responding results. As shown in Figure 13c, an accuracy of 93%
is achieved at the maximum readout network size. Whereas a re-
duction in the network size deteriorates the accuracy, an accu-
racy of approximately 90% can still be maintained at a network
size as small as 30. This work indicates the possibility of ion-
gating transistor-based PRC for low-power wearable electronics,
enabling on-site and real-time processing.

Ion-gating transistors have an essential function besides elec-
trical conductivity tuning: physical properties tuning.[50–53,74–76]

Electronic carrier density modulation of ion-gating transistors
with magnetic materials can widely tune magnetic property

Adv. Electron. Mater. 2024, 10, 2400625 2400625 (11 of 19) © 2024 The Author(s). Advanced Electronic Materials published by Wiley-VCH GmbH
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Figure 11. a) Schematic image of a LixWO3-based redox-IGR. b) Normalized drain current and gate current measured during VG sweeping. c) Gate
voltage pulse stream, drain current response, and gate current response during operation of the redox-IGR. 40 reservoir states Xi (i = 1, …, 40) are
obtained as shown in the panels to the right. d) General concept of a reservoir computing system with redox-IGRs. Wi denotes the readout weight.[44]

Reproduced with permission.[44] Copyright 2023, Wiley.

anisotropy,[77,78] which was applied to PRC. Namiki et al. applied
a redox transistor comprising Fe3O4 (magnetite), which is a fer-
rimagnet at RT and has a large Li+ capacity, and Li+ conducting
Li-Si-Zr-O amorphous electrolyte thin film to PRC, as shown in
Figure 14a.[47] Fe3O4 has an inverse spinel structure with two Fe
sites (16d octahedral site and 8a tetrahedral site), of which the ox-
idation state is electrochemically reduced by Li+ and electron in-
sertion accompanied by variation in magnetic anisotropy energy,
leading to reversible rotation of the magnetic vector of Fe3O4 as
shown in right panels of Figure 14a. Since electric conductivity
modulation in Fe3O4 occurs in addition to the magnetic vector
rotation, the two dynamic behaviors are utilized as computing
resources to obtain reservoir states.

Magnetic vector rotation is detected by measurement of VXY,
corresponding to the electromotive force generated by the pla-
nar Hall effect. In contrast, electrical conductivity is detected by
measuring VXX, corresponding to an Ohmic drop. As shown in
Figure 14b, whereas VXX shows a simple waveform, VXY shows a

complex and characteristic waveform originating from magnetic
interactions between multiple magnetic domains in Fe3O4 un-
der the zero magnetic field application condition, enabling high-
performance PRC. Prediction of blood glucose level fluctuation
for a diabetic patient, which exhibits several ups and downs over
several hours in a day, was used to evaluate the PRC performance
of the devices.[47] As seen in the comparison with target and pre-
diction waveforms of the task for 15-min-ahead prediction shown
in Figure 14c, the device successfully predicted the blood glu-
cose fluctuation behavior with root mean square error (RMSE)
of 29.88 mg dl−1, which is lower than the CNT-based PRC
(47.0 mg dl−1).[79]

Furthermore, it should be noted that the pulse period of
the input voltage was 150 s, corresponding to half of the sam-
pling time of the blood glucose level. Since it is closer to
real-time processing than other cases with experimental PRCs,
the device is thus helpful for real-time signal processing that
matches the external signal, which has been required for PRC

Adv. Electron. Mater. 2024, 10, 2400625 2400625 (12 of 19) © 2024 The Author(s). Advanced Electronic Materials published by Wiley-VCH GmbH
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Figure 12. a) Schematic image of LiCoO2-based redox-ion gating reservoir (IGR), cross-sectional SEM micrograph of a LiCoO2 redox-IGR, and insertion
(desertion) of Li+ in (104) oriented LiCoO2. b) RC with physical masking. (c) Reservoir state waveforms (X1, X2…, X20) w/o and w/ physical masking.[45]

Reproduced with permission.[45] Copyright 2023, Springer Nature.

but has yet to be realized. The result demonstrates the advan-
tage of redox-based transistors in PRC for slow time series data
processing.

The redox mechanism in field-effect transistors (FETs) does
not necessarily require a pure electrolyte in the dielectric part.
Liu et al. reported a FET consisting of a ferroelectric Hf0.5Zr0.5O2
(HZO) film and Mott material La0.67Sr0.33MnO3 (LSMO), as
shown in Figure 15a.[48] In the operation cycle of the device, HZO
ferroelectric thin film transfers oxide ions at the LSZO/HZO in-
terface. For LSMO, the significant positive value of the oxygen
vacancy formation energy and negative value of the oxygen affin-
ity energy were proved based on the density function theory.[48]

The inherent property of LSMO resulted in the spontaneous mi-
gration of accumulated oxygen ions in the HZO films to the chan-
nel, leading to characteristic behavior, including volatile and non-
volatile oxide ion dynamics at the LSZO/HZO interface shown
in Figure 15b. The electrical characteristic of the device was ap-
plied to PRC-based human voice recognition. The variations in
voice amplitude signal, for five English words spoken by four
people, as a function of time converted to magnitude signal ver-
sus frequency through the Fast Fourier Transform (FFT) process.
They were further converted to binary data and used to input data
for PRC, as shown in Figure 15c. The PRC system showed good
recognition properties. The result indicates that the exploration

of ionic phenomena-based PRC can be further extended to non-
electrolyte systems.

4.3. Comparison Based on Materials, Machine Learning Tasks
and Operating Mechanisms

The PRCs introduced in the previous sections are compared
based on their materials, machine-learning tasks, and operating
mechanisms. Table 1 summarizes materials and machine learn-
ing tasks used for PRC devices in the form of ion-gating tran-
sistors. Regarding electrolyte materials, they are broadly divided
into inorganic materials with Li+, H+, and O2− conduction and
ion-gels (organic materials). When inorganic materials are used,
devices are fabricated using various thin film growth methods
(e.g., pulse laser ablation, sputtering), so it is easy to apply mi-
crofabrication, and relatively small devices (μm to nm size) were
fabricated,[38,41,42,48] while when organic materials (ion-gel) are
used, it seems that relatively large-sized devices (mm size) are
fabricated.[46] This is a general trend that applies not only to PRC
devices but also to general electronic devices to some extent, and
it will be related to the integration of PRC devices in the future.
As for the machine learning tasks, handwritten-digit recognition,
second-order nonlinear dynamic equation, and NARMA tasks

Adv. Electron. Mater. 2024, 10, 2400625 2400625 (13 of 19) © 2024 The Author(s). Advanced Electronic Materials published by Wiley-VCH GmbH
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Figure 13. a) Comparison between the digital computing and near-sensor RC schemes for gait recognition. In the near-sensor RC case, the data are
pre-processed by the physical reservoir for key feature extraction, which largely reduces the data amount for post-processing, significantly improving the
efficiency. Illustration of a flexible multi-gate electrolyte-gated transistor (EGT) as a reservoir for parallel signal processing, enabling the extraction of
temporal features such as the synchronization state and collective frequency. b) False color confusion map showing the simulated identification results.
The occurrence probability for each gait pattern is represented by the colors in the color scale. c) Recognition accuracy as a function of readout network
size.[46] Reproduced with permission.[46] Copyright 2023, Wiley.

Figure 14. a) Schematic illustrations of (left) the magnetization vector rotation reservoir device. 𝜑 is defined as the relative angle between the electric
current ID and magnetization M, and (right) the magnetic anisotropy and magnetization vector. b) Schematic illustration of VXY and VXX responses to a
pulsed voltage. c) Target and prediction waveforms of blood glucose level prediction with a magnetization vector rotation reservoir. Black and blue solid
lines denote target and prediction waveforms, respectively.[47] Reproduced with permission.[47] Copyright 2024, American Chemical Society.
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Figure 15. a) Device structure of ferroelectric Hf0.5Zr0.5O2-based FET and the structural transition between the pristine and oxygen-deficient phases.
b) Schematic illustration of volatile and nonvolatile regulation during the gating process in the proposed device. c) All input data consists of five English
words spoken by four people in human voice recognition.[48] Reproduced with permission.[48] Copyright 2023,Springer Nature.

have been relatively common. However, it is difficult to accurately
compare the computational performance among all the devices
at present, as there is no common benchmark task for all, but
the comparison will become possible as research progresses and
NARMA or the other typical tasks become more common.

When comparing the operating mechanisms, the fastest sys-
tems using EDLs have time constants of 27 μs, which is rela-

tively fast, whereas, in redox systems, time constants of several
hundred seconds have been reported, so there is a difference in
response speed, with EDL systems being relatively fast and re-
dox systems being slow.[42,48] This is because, as discussed in
the previous sections, the EDL system’s control of electron car-
riers corresponds to the behavior of charge carriers (ion and elec-
tron/hole) in the very vicinity of the electrolyte/semiconductor

Table 1. Summary of materials and machine learning tasks used for PRC devices in the form of ion-gating transistors.

Materials Machine learning tasks

Electrolyte Semiconductor

Li+ conductor H+ conductor O2− conductor Ion-gel

LSZO[39,40]

LICGC[44]

Li3PO4
[45]

Porous YSZ[42]

Nanogranular
SiO2

[41]

Amorphous-
TaOx

[43]

HZO[48]

[EMI][TFSA] –
P(VDF-
HFP)[46]

LSMO[48]

Fe3O4
[47]

Diamond[38–40,42]

IGZO[41,43]

WOx
[44]

LiCoO2
[45]

P3HT[46]

Nonlinear waveform
transformation[42]

Handwritten- digit
recognition[38,41,43]

Digital letter
classification[48]

Human voice
recognition[48]

Speech digital
recognition[41]

Gait identification[46]

Second-order nonlinear
dynamic

equation[38,39,44,45]

NARMA[38,40,44,45]

Hénon map
prediction[43,48]

Blood glucose level
prediction[47]
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Table 2. Comparison of operation speed for reported PRC devices.

Ion-gating transistors Electrochemical
reaction

Memristors Optoelectronic
circuits

Spintronics

EDL type Redox type

Operation speed
(e.g., time

constant)

27 μs (diamond-porous
YSZ)[42]

≈1 ms
(diamond-LSZO)[38]

79 ms
(IGZO-nanogranular

SiO2)[41]

22 ms (IGZO-
amorphous-TaOx)

[43]

26.9 s
(LSMO-HZO)[48]

68.0 s
(LSZO-Fe3O4)[47]

Several ms
(Polyoxometalate

solution)[19]

50 ms (WOx)
[16] 8.504 μs (for the

round trip
time)[21]

Several tens ns (spin
wave

Y3Fe5O12)[27]

Several tens ns (spin
torque

oscillator)[23]

interface, whereas the redox system relies on relatively slow car-
rier transport throughout the mixed conductor channel. Compar-
ison of operation speed is compared with other PRC devices in-
cluding optoelectronic circuits, memristors, and spintronics de-
vices, in Table 2. While ion-gating transistors show relatively low
operation speed with respect to optoelectronic circuits or spin-
tronics devices, it has a wide range from μs to several hundred
seconds. The difference in operation speed (or time constant) is
not a matter of which is better, as it can be selected according to
the time constant of the signal to which the PRC is applied.

5. Conclusion

Recent advances in PRC utilizing electrical responses of ion-
gating transistors have been outlined. Ion-gating transistors,
which can use two types of electrochemical processes—the EDL
and redox—to control electrical conductivity, gives a variety of
electrical characteristics (including transient behavior) depend-
ing on the choice of electrolyte (Li+, H+, O2−, ion-gels) and semi-
conductor materials (IGZO, WOx, LiCoO2, diamond, P3HT, etc.),
device structure (simple transistor, multi-terminal), etc. Utiliz-
ing the ion-gating transistors for PRC, it is possible to obtain
the nonlinearity, short-term memory, and high dimensionality
required for achieving high information capability. While the
PRC performance of ion-gating transistors has been evaluated
on the basis of some typical machine learning tasks including
handwritten-digit recognition, NARMA, and second-order non-
linear dynamic equation tasks, which are relatively simple and
equation-based dynamical systems, the PRC devices will be fur-
ther applied to more practical tasks under the real environment
as the performance improves. Electrochemical systems are a trea-
sure trove of diversity and complexity, which is highly advanta-
geous for high-performance information processing. Ion-gating
transistors can realize such features of electrochemical systems
in the nano space of a thin-film device,[80–84] making them help-
ful in building highly integrated information processing systems.
Furthermore, due to the high degree of structural freedom, they
have a high affinity with excellent functional materials, such
as low-dimensional materials and high-dimensional nanostruc-
tured materials,[85–91] which have been studied in recent years
and can be combined to achieve dramatic performance improve-
ments. Ion-gating transistors are a promising frontier for devel-
oping next-generation neuromorphic devices to solve the severe

energy problems that current artificial intelligence technology
faces.
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