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We analyzed the computational mechanism of redox-type ion-gating reservoirs (Redox-IGRs)—a class of physical reservoir computing (PRC)
devices that utilize redox dynamics induced by ion gating for information processing—operated with physical masking (PM), in which a simple
triangular drain voltage dynamically modulates the conductance of the device. The periodic drain perturbation enriches the temporal diversity of
the conductance response, leading to enhanced nonlinear dynamics. Information-processing-capacity (IPC) analysis revealed that PM markedly
increases nonlinear capacity while maintaining linear memory capacity, resulting in a total IPC increase from 11 to 20. This doubling of IPC
indicates an expansion of the reservoir’s effective dimensionality and explains the improved performance observed in nonlinear dynamical system
prediction tasks. These findings demonstrate that PM effectively enhances the expressive power of Redox-IGRs and provides a simple, general
strategy for boosting the high-dimensional dynamics of PRC systems. © 2025 The Author(s). Published on behalf of The Japan Society of Applied
Physics by IOP Publishing Ltd

Supplementary material for this article is available online

1. Introduction

The remarkable progress of artificial intelligence (AI) in recent
years has brought significant benefits to human society,1) yet it
has also raised the critical challenge of exponentially increasing
power consumption. This issue largely arises from the intrinsic
mismatch between conventional von Neumann computing
architectures and the nature of information processing in
brain-inspired AI models. To overcome this limitation, neuro-
morphic devices that directly emulate brain-like computation
are attracting increasing attention.2) The excessive power
demand of conventional computing is problematic not only in
terms of sustainability but also because it hinders the deploy-
ment of high-performance AI functions in resource-constrained
edge environments.3) Accordingly, the realization of energy-
efficient neuromorphic computing systems is urgently required,
particularly for edge applications. Among various approaches
to neuromorphic computing, physical reservoir computing
(PRC) has emerged as a promising candidate.4,5) In contrast
to device-level implementations of hierarchical neural networks
in in-memory computing, PRC ambitiously replaces neurons
and synapses in a randomly connected recurrent network layer
—the reservoir6,7)—with one or a few physical systems. By
exploiting the inherent nonlinearity, short-term memory, and
high dimensionality of the physical reservoir, input signals can
be mapped into a high-dimensional space, where classification
and regression tasks are performed using a small linear readout
layer. Because the majority of computation is offloaded to the
physical processes of the reservoir and the learnable readout is
linear, PRC offers substantial reductions in computational cost.
Various physical systems have been explored as reservoirs,
including spin-torque oscillators, spin waves, memristors,
nanowire networks, soft bodies, photonic circuits, and so
on.4,5,8–35) These systems have demonstrated the feasibility of

PRC for a wide range of information processing tasks such as
time-series prediction, image recognition, and anomaly detec-
tion. However, achieving both high computational performance
and small device footprints—essential for integration and edge
applications—remains a formidable challenge.
To address this limitation, we have recently developed

ion-gating reservoirs (IGRs) as a framework to fully exploit
the intrinsic information processing capability of ion-con-
ducting materials.36–47) An IGR consists of electrodes for
voltage input, ion conductors that drives ionic carriers, and
functional channel materials that exhibit nonlinear responses
under ion gating. Depending on the choice of channel
material, diverse physical processes—such as electrostatic
modulation of electronic properties in ion-gated transistors,
ionic control of spin-wave propagation in ferromagnetic
materials, or ionically induced modulation of molecular
vibration dynamics—can serve as computational resources
for PRC. Notably, the electric double layer IGR (EDL-IGR),
composed of a hydrogen-terminated diamond channel and a
Li–Sr–Zr–O solid electrolyte, has successfully demonstrated
the coexistence of high computational performance and
compact device size in the standard nonlinear autoregressive
moving-average (NARMA2) benchmark task.36) For edge AI
applications, however, high performance and small size are
not sufficient: the temporal scale of the reservoir dynamics
must also match the timescale of the target signals. For
example, in sensor-processor integrated edge devices, slow
dynamics such as biosignals or long-period seismic waves
require reservoirs that can operate efficiently below 1 Hz.
Although EDL-IGRs exhibit relatively fast dynamics domi-
nated by EDL effects, their operational frequency range is
typically limited to above 10 Hz, making them unsuitable for
such slow signals.36,42,47) Redox-based IGRs, in which the
channels are ion–electron mixed conductors, can operate at
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lower frequencies, but their computational performance is
significantly inferior to that of EDL-IGRs.37,46) This limita-
tion stems from the fact that redox dynamics generally yield
simple relaxation-type responses, whereas EDL systems
exhibit complex pseudo-synaptic dynamics arising from
coupled ion–electron interactions.
In this study, we overcome this challenge by introducing a

physical masking (PM) strategy into LiCoO2 channel-based
Redox-IGRs.38) Specifically, the drain voltage used to probe
the channel current (reservoir state) is replaced from a
constant bias to a periodic triangular waveform. This
maintains the device in a transient regime and induces
more complex responses. Unlike conventional digital
masking,48) which requires preprocessing of the input signals
by multiplication with mask matrices, PM requires no such
preprocessing and is therefore advantageous for edge im-
plementation. While the basic concept of PM was previously
reported at the 2025 International Conference on Solid State
Devices and Materials (SSDM 2025),49) the present study
further demonstrates that combining PM with the inverted
input method leads to a substantial improvement in compu-
tational performance. We evaluate the impact of PM on the
information processing capacity (IPC) of Redox-IGRs—a
task-independent metric that quantitatively assesses nonli-
nearity, memory, and dimensionality—and reveal the origin
of the performance enhancement.50,51) Furthermore, we
demonstrate that combining PM with inversion pulse input
method substantially improves computational performance.
To quantitatively evaluate this improvement, we employed
the second-order NARMA2 task—a standard benchmark
task in PRC that assesses the ability of a reservoir to predict
the behavior of nonlinear dynamical systems. In the
NARMA2 task, our redox-IGR without PM exhibits a
normalized mean squared error (NMSE) of 0.21, whereas
applying PM reduces the NMSE to 0.033 at an operational
frequency of 50 mHz, representing state-of-the-art perfor-
mance among PRC systems operating below
1 Hz.33,34,37,43,46,52,53) In addition, the total IPC increases
from 11 (without PM) to 20 (with PM), primarily due to
enhanced nonlinear capacity, indicating that PM effectively
doubles the dimensionality of the system. These results
establish PM as a powerful strategy for extending the
computational performance of PRC into previously inacces-
sible low-frequency regimes, opening pathways for edge-AI
devices capable of processing slow temporal dynamics.

2. Method

A schematic illustration of the LiCoO2 Redox-IGR used in
this study is shown in Fig. 1(a). Ti (5 nm)/Pt (35 nm) source
and drain electrodes were deposited by electron-beam
evaporation on SrTiO3 (100) substrates. A (104)-oriented
LiCoO2 (LCO) channel layer with a thickness of approxi-
mately 100 nm was deposited by pulsed laser deposition
using a 266 nm Nd:YAG laser under an oxygen atmosphere,
with the substrate temperature maintained at 600 °C. As the
solid electrolyte, an amorphous Li3PO4 film (~300 nm) was
deposited by RF sputtering in Ar atmosphere. A Si layer
(~20 nm) was deposited as the gate electrode, followed by a
Pt current collector (50 nm) by electron-beam evaporation.
The device geometry consisted of one source and two drain
electrodes, defining channel lengths of 5 and 20 μm, and a

channel width of 500 μm. Further details of the fabrication
process are described in our previous report.38) Electrical
characterization of the devices and measurements for in-
formation processing tasks were performed using a semi-
conductor parameter analyzer (4200A-SCS, Keithley)
equipped with source–measure units. During the measure-
ments, the devices were placed in a vacuum chamber
evacuated by a turbomolecular pump and maintained at
room temperature. Electrical contact was made using tung-
sten probes. Gate voltages (VG) were applied to drive ionic
motion within the solid electrolyte, while the drain currents
(ID) were monitored to obtain the reservoir states. In
experiments with PM, the drain voltage (VD) was supplied
as a periodic triangular waveform, whereas control measure-
ments were performed under a constant drain bias.

3. Results

3.1. Concept of physical masking
The Redox-IGR used in this study has a multi-terminal
transistor structure composed of two drain terminals, one
common gate, and one common source, as schematically
shown in Fig. 1(a). The input information is applied as a
sequence of pulsed gate voltages. Upon application of these
inputs, lithium-ion transport within the solid electrolyte and
subsequent insertion and extraction of lithium ions into and
from the LCO channel occur, leading to redox reactions that
modulate both the hole concentration and hole mobility of
the channel.54) The resulting conductance variations of the
LCO channel are monitored as the drain current, which
serves as the reservoir states representing the nonlinear
responses of the system to the input signals. In conventional
IGR operation, the drain current is measured under a
constant drain bias, as in standard ion-gated transistors
[Fig. 1(b)].37,55) This configuration corresponds to the case
without PM. When the internal device dynamics are suffi-
ciently complex—such as in EDL-IGRs composed of hy-
drogen-terminated diamond channels and Li+ solid electro-
lytes—the coupled ion–electron dynamics at the electrolyte/
channel interface can exhibit edge-of-chaos behavior, re-
sulting in high computational performance.36) However, in
typical redox-type transistors composed of oxide channels
such as WO3 and Li+ solid electrolytes, the conductance
modulation follows relatively simple relaxation dynamics
limited by ion diffusion within the ion–electron mixed
conductor channel. This diffusive and monotonic behavior
is the primary reason for the lower computational perfor-
mance observed in conventional redox-IGRs.37) To over-
come this limitation, we introduce PM, in which the drain
current is measured under a periodically varying triangular
drain voltage, as illustrated in Fig. 1(c). In this configuration,
not only the gate input but also the dynamic variation of the
drain voltage contributes to the effective ion gating, thereby
maintaining the system in a transient, non-equilibrium state
and enhancing the complexity of its response. As described
later in detail, the use of triangular drain voltages with
different amplitudes and frequencies, as shown in Fig. 1(c),
allows the PM conditions to coexist in each channel with
distinct transient behaviors, which is expected to enhance the
overall high dimensionality of the device. Unlike conven-
tional digital masking, which applies a random or binary
mask matrix to the input sequence as a preprocessing
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step,24,25,48) PM requires no such external signal processing
and is thus advantageous for hardware implementation in
edge environments. Furthermore, because PM manipulates
the intrinsic dynamics of the device itself rather than the
input data, this concept can be broadly applied to various
types of physical reservoir systems that can accept multiple
input channels, beyond the scope of IGRs.
3.2. Effect of physical masking on conductance
modulation dynamics
Figure 2 illustrates the effect of PM on the temporal
evolution of conductance modulation in the Redox-IGR.
When a sequence of pulsed gate voltages, shown in the upper
panels of Figs. 2(a) and 2(b), is applied to the gate, the drain
current is measured either under a constant drain bias
[Fig. 2(a), middle] or under a triangular drain voltage (with
PM) [Fig. 2(b), middle]. The channel conductance
(G= ID/VD) calculated from these measurements exhibits
markedly different behaviors depending on the drain-bias
condition. In the absence of PM, as shown in the lower panel
of Fig. 2(a), the conductance responds to the gate-voltage
pulses in a simple relaxation manner, reflecting the slow
redox dynamics of lithium-ion diffusion and insertion/
extraction within the LCO channel.54) Such monotonic
relaxation responses lead to high correlation between adja-
cent temporal states in the virtual-node (time-multiplexing)
representation commonly used in reservoir computing.48)

Consequently, the effective reservoir dimensionality—i.e.
the number of functionally independent virtual nodes—
becomes significantly smaller than the nominal number of
sampled nodes. (Details of the virtual-node approach in
IGR systems are discussed elsewhere.36,37)) By contrast,
when a simple triangular drain voltage is applied during

measurement [Fig. 2(b)], the conductance response shows
far more diverse and intricate temporal behavior, as seen in
the lower panel. This enhanced complexity mitigates the
aforementioned redundancy among adjacent virtual nodes,
thereby increasing the effective dimensionality of the re-
servoir state space.
The origin of this behavior can be explained in terms of the

effective gate voltage, (VG,eff =VG −VD/2), acting on the
channel. As depicted in Fig. 2(c), under a constant VD, VG,eff
varies solely with the externally applied gate voltage. Hence,
for a given input pulse of VG, the conductance G simply relaxes
toward its steady-state value on the master (G–VG) curve [inset
of Fig. 2(c)], with a time constant determined by the ionic
resistance of the electrolyte, the chemical capacitance and the
electronic resistance of the channel. In contrast, when a
triangular VD is applied [Fig. 2(d)], VG,eff continuously oscil-
lates with VD, resulting in dynamic modulation of G even at a
fixed gate-input level. Consequently, G is no longer uniquely
defined for each VG; instead, it fluctuates within a finite range
that reflects the instantaneous VD variation. However, as shown
in the lower panel of Fig. 2(b), the amplitude of this fluctuation
is smaller than that induced directly by the gate voltage.
Considering the relation G∝σ = μpe, (where σ is the electrical
conductivity, μ is the hole mobility, p is the hole carrier density,
and e is the elementary charge), it can be inferred that during
such small fluctuations, the mobility μ remains almost constant,
and the variation in G mainly corresponds to a change in the
carrier density p. Since p in this device reflects the amount of Li
inserted into the LCO channel, it is considered that, under PM
operation, Li+ are inserted into or extracted from the channel in
response to the applied VG, while Li+ near the channel/
electrolyte interface are further driven by the oscillating VD,

Fig. 1. (a) Schematic illustration of the redox-type ion-gating reservoir used in this study. (b) Conventional operation scheme, in which input
information is applied as a pulsed gate-voltage sequence and the drain currents are measured under a constant drain voltage. (c) Device operation with
physical masking, where a periodic triangular drain-voltage waveform is applied instead of a constant bias for current measurement.
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repeatedly undergoing insertion and extraction synchronized
with VD. This analysis suggests that such interfacial Li

+ motion
contributes to the complex conductance modulation observed
under PM operation. As illustrated in the inset of Fig. 2(d), this
corresponds to sampling a broader portion of the nonlinear
(G–VG,eff) characteristic, effectively activating a richer set of
nonlinear responses intrinsic to the device. These results
indicate that PM enables the Redox-IGR to more efficiently
utilize its inherent nonlinearity for information processing by
maintaining the system in a dynamically perturbed state.
3.3. Performance evaluation using a second-order
nonlinear dynamical system task
To evaluate the effect of the triangular-wave drain voltage-based
PM on the computational performance of the Redox-IGR,
we employed the NARMA2 task, which is widely used for
assessing reservoir computing systems.27,29,33,34,36,37,47,56) The
NARMA2 system is defined as

( ) ( ) ( ) ( )
( ) ( )

+ = +

+ +

y k y k y k y k

u k

1 0.4 0.4 1

0.6 0.1, 1
tar tar tar tar

3

where u(k) is a random input uniformly distributed between
0 and 0.5, and k denotes discrete time. The objective of this
task is to train the reservoir to reproduce the system output

ytar(k) from the given input sequence u(k). Accurate predic-
tion requires that the reservoir possesses nonlinear and
memory characteristics comparable to those inherent in the
NARMA2 system.
Figure 3(a) schematically illustrates the information-pro-

cessing scheme used in the present work. The input signal u
(k) was converted into a pulsed-voltage sequence (base
voltage = 0 V, maximum = +1 V, minimum = −3 V) with
a frequency of 50 mHz and a duty cycle of 25%, and applied
to the gate terminal of the device. During operation, two
drain terminals were driven by triangular-wave voltages
serving as physical masks: one with an amplitude of
±0.4 V at 250 mHz and the other with ±0.8 V at 100 mHz.
For comparison, control experiments without PM were
performed by applying constant drain biases of 0.4 V to
both terminals. The effect of these PM conditions on the
prediction error in the NARMA2 task and on the informa-
tion-processing capacity (IPC) is summarized in supplemen-
tary Fig. 1, and the details of the IPC analysis are described
in a later section. Although larger amplitudes and higher
frequencies of the triangular drain voltages tend to improve
the computational performance of the IGR, the best perfor-
mance was achieved when different voltages and frequencies
were applied simultaneously to the two drain terminals.

Fig. 2. Input–output characteristics of the device (a) without and (b) with physical masking. Each panel shows the input gate-voltage sequence (top),
the drain voltage (middle), and the corresponding conductance response (bottom). Schematic illustrations of the effective gate voltage for (c) operation
without PM and (d) operation with PM.
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Based on these observations, the PM conditions described
above were adopted throughout this study. For each input
sequence, the gate current (IG) and two drain currents were
recorded as physical nodes, and twenty current values were
sampled per input period (five points during the “pulse-on”
phase and fifteen during the interval) at a sampling rate of
1 Hz to generate virtual nodes at equal time intervals.
Combining the three current responses and the twenty virtual
nodes yielded a total of 60 reservoir states. An example of
the current response and the corresponding sampling points
for the virtual nodes is shown in supplementary Fig. 2. As
noted above, the two triangular drain voltages have frequen-
cies different from that of the gate input; however, as shown
in supplementary Fig. 2, all signals operate in the same phase
at each discrete time step. To ensure consistency among the
virtual nodes, the frequencies of the PM signals were
selected under this condition. To further enhance the
computational performance, the inversion input method
was also employed: an inverted signal (uinv(k) = umax −
u(k), (umax = 0.5)) was created, and reservoir states were
generated following the same procedure. Details of this
inversion method are described elsewhere.40) Consequently,
a 120-dimensional reservoir state vector (x1(k), x2(k), …,
x120(k)) was obtained for each input u(k), and the reservoir
output was calculated as a linear combination of the states
and readout weights:

( )=Y WX, 2

where Y= (y(1), y(2), …) denotes the reservoir output
vector, X= (x(1), x(2), …) is the reservoir-state matrix, x
(k) = (1, x1(k), x2(k), …, x120(k))

T is the reservoir state
vector, and W= (w0, w1, …,w120) is the readout-weight
vector. The readout weights were trained by ridge regression
(W= YtarX

T(XXT+λI)−1, where Ytar = (ytar(1), ytar(2), …) is
the target vector, I is the identity matrix) with a regulariza-
tion parameter ( = ×5 10 4), using 50 data for washout,
1000 data for training, and 200 data for testing. The
computational performance was evaluated using the NMSE
defined as;

[ ( ) ( )]
[ ( )]

( )= =

L

y k y k

y k
NMSE

1

var
, 3k

L
1 tar

2

tar

where var(⋅) denotes the variance, and L represents the data
length (1000 for training and 200 for testing).
Figure 3(b) compares the target and reservoir outputs for

the cases without PM (top) and with PM (bottom). Without
PM, the reservoir output shows limited agreement with the
target, yielding NMSEs of 0.081 for training and 0.21 for
testing. When PM was applied, the reservoir output closely
matched the target, and the NMSEs decreased to 0.021
(training) and 0.033 (testing), corresponding to an 85%
reduction in test error. These results clearly demonstrate
that PM significantly enhances the computational capability
of the Redox-IGR. Supplementary Table 1 summarizes the
NMSEs obtained under PM operation using six-fold cross-

Fig. 3. (a) Schematic illustration of the information-processing scheme in the Redox-IGR. The input information was converted into a pulsed sequence
at 50 mHz and applied as the gate voltage. From the three measured current responses, 20 virtual nodes were extracted. The same procedure was
performed for the inverted input, yielding 120 reservoir states in total. The reservoir output was computed as a linear combination of these states and
the trained readout weights. (b) Results of the NARMA2 task for operation (top) without and (bottom) with physical masking (PM). Gray lines represent
the target sequence, while blue and red lines denote the reservoir-predicted waveforms during training and testing, respectively. (c) Comparison of the
prediction error for the NARMA2 test data as a function of the device operating frequency with other PRC systems.27,29,33,34,36,37,47,56)
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validation (with 1000 steps for training and 200 steps for
testing; the schematic procedure is illustrated in supplemen-
tary Fig. 3). The NMSEs for the test datasets ranged from
0.027 to 0.044, with an average of 0.034, indicating
consistent and robust performance regardless of the specific
training or testing dataset used. Figure 3(c) summarizes the
relationship between the test error and operational frequency
for various PRC systems. The PM-enhanced Redox-IGR
successfully overcomes the inherent low-performance lim-
itation of conventional redox-type reservoirs and achieves
state-of-the-art accuracy in the sub-1 Hz regime. While high-
performance PRCs—such as EDL-IGRs, spin-wave reser-
voirs, and photonic circuits—are typically realized in high-
frequency domains,14,24–27,36,45,47,56) few systems have ex-
hibited comparable performance at such low operation
speeds. Thus, the PM-driven Redox-IGR represents a pro-
mising class of low-frequency, high-performance physical
reservoirs, capable of processing slow dynamical signals
such as low-frequency components of biological rhythms
(heartbeat, respiration, glucose variation) or long-period
seismic waves, thereby paving the way for future edge-AI
processors optimized for slow temporal dynamics.
3.4. Information-processing-capacity analysis
To elucidate the origin of the performance enhancement in
the PM-assisted IGR, we evaluated the IPC of the device.
The IPC provides a quantitative measure of a reservoir’s
computational ability, directly characterizing its memory and
nonlinear transformation capabilities.50,51) In this analysis, a
random input sequence u(k) taking values between –1 and 1
was applied to the reservoir, and the accuracy with which the
reservoir reconstructed a set of orthogonal-polynomial target
functions zm(k)—generated from delayed versions of the
input—was used to compute the capacities. The target
functions were defined as

( ) [ ( )] ( )=
=

z k P u k d , 4m
d

D

n
0

m d,

where m is the target index, d is the delay step, D is the
maximum delay, and nm,d denotes the polynomial order
corresponding to each combination of m and d.
Here, Pn’ represents a set of orthogonal polynomials

constructed via Gram–Schmidt orthogonalization as

[ ( )] ( ) [ ( )] ( )( )=
=

P u k d u k d c P u k d 5n
n

i

n

i
n

i
0

1

[ ( )] ( )

[ ( )]
( )( ) = =

=

c
P u k d u k

P u k d
6i

n k

T
i

n

k

T
i

1

1
2

with P0 = 1. Thus, the degree of nonlinearity for each target
zm is defined as = =n n

d

D
m d0 , . The component-wise

capacity (Cm), which represents the reservoir’s ability to
reconstruct the target zm, was calculated from the reconstruc-
tion accuracy as

[ ( ) ( )]
[ ( )]

( )=C
z k y k

z k
1 7m

k m

k m

2

2

and the total capacity was defined as the sum of all partial
capacities:

( )=C C . 8
m

mtot

To avoid overestimation of the IPC, a surrogate analysis
was applied: the time order of each target sequence zm was
randomly shuffled to obtain the surrogate capacity Csur, and
any Cm values below 1.5 times the maximum of Csur were set
to zero. This surrogate procedure serves as a safeguard against
spurious capacity contributions, as discussed elsewhere.11)

The degree-specific capacity Cn, which characterizes a spe-
cific degree of nonlinearity, is defined as follows.

( )
( )

=C C . 9n
m n

m

Fig. 4. (a) Relationship between the component-wise capacity Cm and delay for targets representing linear nonlinearity. Cyan plots and gray dashed
lines indicate the results with and without PM, respectively. (b) Relationship between Cm and delay for targets representing cubic nonlinearity. Green
plots and gray dashed lines indicate the results with and without PM, respectively. (c) Total capacity of the Redox-IGR, color-coded by degree-specific
capacity. The total capacity nearly doubles with the application of PM. Because the total capacity reflects the effective dimensionality of the reservoir-
state matrix, the inset schematically illustrates how the IGR maps one-dimensional input information into a higher-dimensional space.
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Here, m(n) represents all indices of total degree n. By
examining the capacities corresponding to each nonlinear
component, one can directly assess how effectively the
reservoir performs nonlinear transformations of different
degrees.
For instance, when n= 1, ( [ ( )]=z P u k dm 1 ( ) ¯= u k d u

); the corresponding capacity C1 represents the linear (memory)
capacity that quantifies how accurately the reservoir can recall
past inputs. Figure 4(a) shows the delay-length dependence of
the component-wise capacities for the cases with and without
PM. As the delay increases, the Cm decreases, indicating the
decay of memory over time—the so-called forgetting curve.
The integral of this curve corresponds to the linear capacity C1,
which was found to be similar for both cases, suggesting that
PM has little effect on the short-term memory of the device. In
contrast, Fig. 4(b) presents the case for third-order nonlinear
targets ( [ ( )]=z P u k dm 3 ), where the reservoir must recon-
struct cubic transformations of past inputs. Here, the PM-
assisted IGR exhibits significantly higher capacities than the
non-PM device, indicating improved nonlinear processing
capability. The total third-order capacity C3 was obtained
by summing all relevant partial capacities, including cross-
terms such as [ ( )]P u k d1 1 [ ( )] ( )P u k d d d,2 2 1 2 and

[ ( )] [ ( )]P u k d P u k d1 1 1 2 [ ( )] ( )< <P u k d d d d,1 3 1 2 3 .
The overall distribution of capacities across specific

degree of nonlinearity is summarized in Fig. 4(c). While
the linear capacity C1 shows minimal difference between the
two conditions, the nonlinear capacities Cn⩾2 of second order
and higher increase markedly with PM. This finding reveals
that the improved performance in the NARMA2 task
originates from enhanced nonlinear processing rather than
from improved linear memory capacity. Specifically, the
total capacity Ctot increased from 11 without PM to 20 with
PM—nearly a twofold enhancement. Since the total IPC is
mathematically equivalent to the rank of the reservoir-state
matrix (Ctot = rank(X)),50) this result implies that the effec-
tive dimensionality of the reservoir expanded from 11 to 20
with PM. As schematically illustrated in the inset of
Fig. 4(c), the non-PM IGR maps a one-dimensional input
into an 11-dimensional effective state space, whereas the
PM-assisted IGR expands this mapping into a 20-dimen-
sional space. The dimensional enhancement arises mainly
from increased diversity among virtual nodes. As discussed
in Sect. 3.2, without PM the neighboring virtual nodes tend
to exhibit similar temporal behaviors due to the simple
relaxation dynamics of the channel, resulting in a substantial
reduction in effective dimensionality. In contrast, PM con-
tinuously perturbs the effective gate voltage and suppresses
such redundancy, thereby enriching the reservoir state space.
These results demonstrate that PM is a simple yet powerful
approach to enhance both the high-dimensionality and
nonlinearity of physical reservoirs. Moreover, because PM
operates by modulating intrinsic device dynamics rather than
external signal preprocessing, it can be broadly applied to
various PRC systems that accept multi-input excitation, such
as nanowire networks, chemical reactions, transistors, be-
yond the IGR architecture.16,17,21,23,27,29,31,32,52) In parti-
cular, recent theoretical studies on spin-wave-based reser-
voirs and memristor network reservoirs have reported that
increasing the number of detection terminals enhances the
system’s dimensionality, thereby improving computational

performance.57–59) Accordingly, introducing PM into such
multi-input systems is expected to further expand their
dimensionality and consequently enhance their computa-
tional capability. Since PM is implemented by applying a
periodic voltage signal to the physical system, it can be
realized with minimal additional circuitry and without any
preprocessing of the input signals, which is a significant
advantage for practical device operation. In future work, the
performance of PM-enhanced IGRs—including both redox-
type and EDL-type IGRs—will be further investigated in
more complex and practical tasks, such as biological signal
processing and environmental sensing, where temporal
features are highly nonstationary and information extraction
is particularly challenging. Such studies will pave the way
toward the realization of edge-AI systems that directly
integrate sensing and computation within a single IGR-based
platform, enabling energy-efficient processing of real-world
temporal data.

4. Conclusion

In this study, we demonstrated that introducing a PM scheme
—implemented as a triangular-wave drain voltage—signifi-
cantly enhances the computational performance of redox-
type IGRs. The PM effectively maintains the device in a
dynamically perturbed state, thereby enriching the temporal
diversity of the conductance response. This leads to an
expansion of the reservoir’s effective dimensionality and a
pronounced improvement in nonlinear information proces-
sing capability. Computing performance evaluation using the
NARMA2 task revealed that PM reduces the prediction error
by 85% compared with the conventional constant-bias
configuration, achieving state-of-the-art performance among
PRC systems operating below 1 Hz. IPC analysis further
clarified that the improvement arises primarily from en-
hanced nonlinear capacity rather than increased memory
capacity, with the total IPC doubling from 11 to 20 under
PM operation. This corresponds to a substantial increase in
the effective rank of the reservoir-state space, confirming
that PM provides a simple yet powerful means to expand the
computational dimensionality of physical reservoirs. The
PM-based approach requires no additional preprocessing of
input signals and is therefore highly suitable for hardware
implementation in edge environments. Moreover, since the
concept relies solely on the dynamic modulation of device
operation, it can be universally extended to other physical
reservoir systems that accept multiple inputs, including
spintronic, photonic, and electrochemical platforms.60–70)

These findings establish PM as a general and energy-efficient
strategy for enhancing the high-dimensional nonlinear dy-
namics of physical reservoirs, and pave the way toward next-
generation low-frequency, high-performance edge-AI pro-
cessors capable of handling slow temporal signals such as
biological rhythms and geophysical data.
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