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with ion-gating reservoirs

Check for updates

Daiki Nishioka 1,2, Takashi Tsuchiya 1 , Masataka Imura 3, Yasuo Koide 4, Tohru Higuchi 2 &
Kazuya Terabe1

While physical reservoir computing is a promising way to achieve low power consumption
neuromorphic computing, its computational performance is still insufficient at a practical level. One
promising approach to improving its performance is deep reservoir computing, in which the
component reservoirs are multi-layered. However, all of the deep-reservoir schemes reported so far
have been effective only for simulation reservoirs and limited physical reservoirs, and there have been
no reports of nanodevice implementations. Here, as an ionics-based neuromorphic nanodevice
implementation of deep-reservoir computing, we report a demonstration of deep physical reservoir
computing with maximum of four layers using an ion gating reservoir, which is a small and high-
performance physical reservoir.While the previously reported deep-reservoir scheme did not improve
the performance of the ion gating reservoir, our deep-ion gating reservoir achieved a normalizedmean
squarederror of 9.08×10−3 on a second-order nonlinear autoregressivemoving average task,which is
the best performance of any physical reservoir so far reported in this task.More importantly, the device
outperformed full simulation reservoir computing. The dramatic performance improvement of the ion
gating reservoir with our deep-reservoir computing architecture paves the way for high-performance,
large-scale, physical neural network devices.

Physical reservoir computing (PRC), which directly utilizes the nonlinear
dynamics inherent in physical systems for information processing, has
attracted attention in recent years because it can drastically reduce the
computational resources required for information processing1,2. Non-
linearity, short-term memory, and high dimensionality are required for
reservoirs that map input data nonlinearly into a high-dimensional fea-
ture space3,4, and physical devices with these features are promising for
PRC1. Many types of physical reservoirs have been reported, including
memristors, optical devices, spintronics devices, soft bodies, nanowire
networks, and ion-gating reservoirs. Further, information processing,
including image recognition, spoken digit recognition, and time series
prediction tasks, have been demonstrated using such physical reservoir
devices1,2,5–27. The efficiency of PRCbased onmaterial-based computation
makes it particularly promising for application to resource-limited edge
AI devices. However, the computational performance of PRC is still
insufficient for practical information processing tasks performed by such

material-based efficient edge AI devices (e.g., dynamic image recognition
and time series analysis tasks for in-situ processing of time series output
from sensors, such as blood glucose level prediction and speech sentence
recognition), an approach is required in order to substantially improve
performance. One way to achieve this is deep reservoir computing (deep-
RC), in which reservoirs aremultilayered. Thismethod is expected to be a
promising approach, just as neural networks (NN) have been shown to
achieve high expressive power and performance by utilizing deep layer-
ing. In full-simulation reservoir computing (RC), multilayering of the
reservoir parts has been considered, and it has been reported that layering
small reservoirs can improve performance in comparison to single-
layered reservoirs with the same total reservoir size28–33. Furthermore, it
has been reported that not only deepening the reservoir layer but also
training the connection weights between layers according to the task
improves the expressiveness of the network and the flexibility of the
model, as well as the computational performance and efficiency29,30.
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In particular, Deep-Echo State Network, with hyperbolic tangents as a
nonlinear function, has shown remarkable performance improvements
in the prediction tasks of nonlinear autoregressive moving average
models and chaotic dynamical systems when the connection weights
between the layers are trained by linear regressionwith the targets29,30. On
the other hand, few attempts at multilayering in physical reservoirs or
physical NN have been reported, and those that have been reported are
limited to methods that either do not train the connection weights
between reservoirs (i.e., the network is not highly flexible)34,35 or train the
connection weights between reservoirs (or layers of physical NN) using
backpropagation algorithms that require complex calculations that rely
on external circuits and have large computational costs33,36. It is parti-
cularly notable that there are no reports of deep-RCwith nanodevices that
are advantageous for integration to realize practical AI devices, and thus,
it is not clear that multilayering is effective in improving the performance
of physical reservoirs.

Here, as the first implementation of nanodevice-based Deep-RC, we
describe a demonstrationof deepphysical reservoir computingusing an ion-
gating reservoir (IGR), which is a compact and high-performance physical
reservoir. The IGR is a nanodevice with a transistor structure consisting of a
hydrogen-terminated diamond channel and a Li+ electrolyte (Li-Si-Zr-
O)23,37, and the ion-electron coupled dynamics based on the electric double-
layer (EDL) effect in the nanoregion near the Li+ electrolyte/diamond
interface is used as nonlinear dynamics for the reservoir computing.

There are two approaches to achieving high-performance PRC: one is
to improve the performance by modifying the physical reservoir itself, and
the other is to maximize the information processing capability of the phy-
sical systemthrough systemapproaches suchas optimizationof thenetwork
structure and external data manipulation (e.g., pre-processing such as
masking). In this study, we employed the latter approach, which improves
PRC performance through deep network architecture, and used the IGR,
which has achieved high computational performance in time series data
analysis and image recognition tasks23,26, as amodel device for this approach.

First, we verified the computational performance of the deep-RC
scheme reported for simulation-RC using IGR28–30. In this network, the
connection weights between reservoir layers are trained based on a simple
linear regression algorithm, which provides a higher network flexibility
compared to the scheme in which the connection weights between reser-
voirs are not trained34,35, anddoesnot require a back-propagation algorithm.
The backpropagation algorithm is an effectivemethod that greatly improves
the expressive power of the network, but it is difficult to apply to PRCs based
on complex and dynamic nonlinearities (black box functions) originating
from physical systems because it requires detailed information on the
nonlinearities in the reservoir layer and their derivatives33,36. In this respect,
the method of learning weights between layers by linear regression using
targets is well suited for implementation in physical systems because it does
not require detailed information on nonlinearities in physical systems (and
their derivatives, etc.) anddoesnot require inverse input of errors to physical
systems inorder tobackpropagate the errors28–30.However, the conventional
scheme with a simple series structure network reported for the simulation-
RC does not improve the computational performance of the IGR. This was
found to be due to the inherent characteristic of general physical reservoirs,
which are sensitive to input conditions. In addition, this scheme does not
provide any improvement in network size limitation, which is one of the
main reasons that severely inhibited the performanceof conventional PRCs.
Whereas in simulation-RC it is easy to increase the reservoir size to the
desired performance in exchange for computational cost, in PRCs the
number of reservoir states (current and voltage response, mechanical
vibration, optical response, etc.) obtained from the physical device is limited
by themeans of access to the physical system, such asmeasurement probes.
Thus, it is difficult to increase the network size of such PRCs.

On theother hand, a deep-RCschemewithparallel structure overcome
such limitations of physical reservoirs in principle, and succeeded in greatly
increasing the numberof reservoir states by utilizing the reservoir outputs of
the previous layer as well as the final outputs among the layered device

outputs. As a result, the performance of the IGR applied with the subject
deep-RC scheme (deep-IGR) was drastically improved, with a 41% reduc-
tion in error compared to single-layer IGR in a second-order nonlinear
autoregressive moving average (NARMA2) task. However, the model also
showed an increase of unnecessary reservoir states leading to overlearning.
Therefore, a modified model was developed to improve this model by
evaluating the high dimensionality of the reservoir state in terms of the
correlation coefficient between reservoir states, the number of layers was
increased by excluding featureless reservoir states (which do not contribute
to high dimensionality), which resulted in a 53% reduction in error for the
NARMA2 task compared to single-layer IGR, with a normalized mean
squared error (NMSE) of 9.08 × 10−3. This is the best performance of any
physical reservoir reported to date22–25,38–40, outperforming a full-simulation
RC38 for the NARMA2 task.

Results
Ion-gating reservoirs using electric double-layer transistors
To demonstrate the applicability of the deep-RC architecture, we employed
an IGR as the physical reservoir part, implemented with an EDL transistor
composed of a Li+ electrolyte (Li-Si-Zr-O) and hydrogen-terminated dia-
mond, as shown in Fig. 1a. The IGR transistor has 9 channels of different
lengthsLch (=5, 10, 25, 35, 50, 100, 250, 350, 500 µm), and the 9drain current
responses can be nonlinearly transformed by the EDL mechanism to the
input gate voltage signal. Figure 1b shows the drain current (ID)-gate voltage
(VG) curves obtained from channels with lengths of Lch = 50 µm and
Lch = 500 µm(upper panel) and agate current (IG)–VG curve (lower panel).
With a positive gate voltage applied, Li+ in the electrolyte accumulates at the
electrolyte/diamond interface, and electrons are injected into the diamond,
which is ahole conductor, resulting in ahigh resistance stateof thediamond.
On the other hand, when a negative gate voltage is applied, negatively
charged Li vacancies in the electrolyte accumulate on the diamond surface,
forming an EDL at the electrolyte/diamond interface as shown in Fig. 1a.
Then, holes are doped into the hydrogen-terminated diamond channel,
resulting in a low-resistivity state and the drain current is nonlinearly
modulated37. As different channel resistances exhibit different relaxation
times for different channel lengths, if the gate input is a pulse signal, it will
exhibit different drain current responses depending on the channel length,
as shown in Fig. 1c, providing a higher dimension as a physical node23. The
structure of this device, where different channel lengths coexist, provides
current responses with different relaxation times. The coexistence in one
system of a current response with a short relaxation time, which reflects a
short-term experience and has strong nonlinearity, and a current response
with a long relaxation time, which reflects a long-term experience and
has relatively weak nonlinearity, can be expected to provide high
performance1,23,41. In addition to these drain currents, the gate currents,
obtained from the input gate terminals, show a spiked response, as shown in
the bottom panel of Fig. 1c, which provides additional diversity to the
IGR24,26. In redox-based IGR, the use of gate currents as reservoir states has
been reported to improve computational performance24. In addition to the
10 physical nodes obtained by adding the gate current response to the 9
drain current responses, 10 nodes per pulse response were obtained as
virtual nodes, as shown in the right-hand panel of Fig. 1c. Thus, the number
of reservoir statesXiobtained from the IGR (i.e., nodes) is 100. Said reservoir
statesXiwerenormalized from0 to1and subsequentlyused for the reservoir
part in the schematic of reservoir computing shown in Fig. 1d. The reservoir
output y(k) at discrete time step k is obtained by the linear combination of
reservoir state Xi(k) and readout weightWi as follows;

y kð Þ ¼ PN
i¼1

WiXi kð Þ þ b

¼ WX kð Þ þ b

ð1Þ

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 reservoir state
vector. Figure 1e is a schematic of the deep-IGR which is a physically
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implemented deep reservoir computing with IGRs. In the first layer, as in
conventional IGRs23, the voltage-transformed input signal was input to the
gate of the IGR, and the reservoir output was calculated by a linear sum of
the weights and reservoir states (Eq. 1) obtained by acquiring virtual nodes
from the obtained current responses, as shown in Fig. 1c. The weights were
trained by linear regression so that the target and reservoir outputsmatched.
In deep-IGR, the reservoir output of the first layer is converted to a voltage
pulse and input to the gate of the second layer IGR, and the reservoir output
is obtained via weights using the obtained current response as in the first
layer. The input that reproduced the target waveform to some degree in the
first layer is againnonlinearly transformedby IGR into ahigherdimensional
feature space for learning, which allows the representation of target features
that could not be represented in thefirst layer. Thenumber of said layers can
be increased by inputting the reservoir outputs of the previous layer, in the
same way as in the second layer, for the third and subsequent layers. The
performance of deep-IGRwas evaluated by the error between the target and
the reservoir output obtained by the input and forward propagation of a
dataset different fromthe trainingdataset,with theweights of all layersfixed.
The details of deep-IGR are discussed later in this document.

Before evaluating the performance of deep-IGR, we performed a
NARMA2 task that predicts the NARMA2model shown in Eq. 2 following
a prior study42, in order to evaluate the computational performance of the

single-layer IGR.

ytðkþ 1Þ ¼ 0:4ytðkÞ þ 0:4ytðkÞytðk� 1Þ þ 0:6u3ðkÞ þ 0:1 ð2Þ

where yt(k) are themodel outputs;u(k) are the random inputs, ranging from
0 to 0.5. The NARMA2 task, which is widely used as a benchmark task for
physical reservoirs, requires reservoirs to exhibit second-order nonlinea-
rities and short-term memory22–25,38–40. Figure 2a shows a schematic of the
NARMA2 task performed by IGR. The random input signal u(k) was
converted into voltagepulse streamswith an intensity of 0 V to0.5 V, a pulse
period ofT, and a duty cycle ofD, then input to the gate terminal of the IGR
transistor. The responses of the drain current to the gate voltage pulse
streams were measured at a constant drain voltage of−0.5 V. As shown in
Fig. 1c, 100 reservoir statesXiwere obtained from 10 current responses and
virtual nodes (i = 1, 2, …, 100). Furthermore, an additional 100 reservoir
states Xi (i = 101, 102, …, 200) were obtained by applying an intensity-
reversed input uinv(k) [= 0.5 - u(k)] to the IGR (inversion pulse method),
resulting in a total of 200 reservoir states, the combination of which was
utilized to obtain the reservoir output as shown in Eq. 1. Details on the
inversion pulse method and reservoir size of the single IGR are given
SupplementaryNote 1 and Supplementary Figs. S1-3. In the training phase,
the readout weights were trained by linear regression, in order to match the

Fig. 1 | Physical reservoir computing using an ion
gating reservoir (IGR). a Schematic of the IGR
transistor. The inset is an optical microscope image
of a diamond with source and drain electrodes. b ID-
VG curves (upper panel) for channels with lengths of
50 µm and 500 µm and IG-VG curve (lower panel).
c ID responses (Lch = 50 µm, 500 µm) and IG
response to pulsed VG input. The right-hand panel
shows how to obtain virtual nodes from such current
responses. d Schematic of reservoir computing.
e Schematic of the deep reservoir computing
implemented by IGRs.
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reservoir output y(k) and the model output yt(k). Details of the training
algorithm are given in the Method section herein. In the test phase,
performance was evaluated by NMSE (Eq. 3) of the reservoir output
(prediction) y(k) to the model output yt(k) for a different input u(k) than in
the training phase.

NMSE ¼ 1
M

PM
k¼1 yt kð Þ � y kð Þ� �2

σ2 yt kð Þ� � ð3Þ

where M is the data length (M = 1600 for the training phase and
M = 700 for the test phase); σ2(·) is the variance. Figure 2b and c show
the pulse period T and duty cycle D dependence of NMSEs in the
training and test phases, respectively. The best results, for both training
and test phases, were obtained at T = 70 ms and D = 70%, where the
NMSE was 0.0157 in the training phase and 0.0194 in the test phase.
Supplementary Fig. S4a shows the D dependence of NMSE at
T = 70 ms, and Supplementary Fig. S4b shows the T dependence of
NMSE at D = 70%. Both of these are minima at the optimal conditions
(indicated by *), indicating that the search for optimal conditions in
single-layer IGR was successfully performed. In other words, this is the
limit of the computational performance that can be achieved by
adjusting the pulse period and duty cycle. Further performance
improvements require consideration of voltage conditions (VG and
VD) and preprocessing of the input signal (feature extraction, masking,
etc.). Tuning these so-called ‘hyperparameters’ is difficult for physical
reservoirs that require actual measurements, and the huge variety of
parameters (voltage, time, temperature, number of masks, etc.) and
their combinations make it extremely difficult to maximize the
potential computational performance of the physical system. In all of
the deep-IGR experiments discussed below, the voltage pulse
conditions were fixed at T = 70 ms and D = 70%. In this case, the
optimal conditions match between training and testing, but if such is
not the case, the optimal conditions in the training data should be
adopted as the input conditions for the second and subsequent layers in
order to avoid incorrect optimization by the testing data.

Performance evaluation of deep ion-gating reservoir with
NARMA2 task
We experimentally demonstrated the deep-IGR shown in Fig. 3a,b as a
framework that overcomes the limitations discussed above, and easily
maximizes the computational performance of the physical system.
Although the deep layered network structure shown in Fig. 3a (Network 1)
has been reported to improve performance in a full simulation reservoir28–30,
there are no reports of its application to a physical reservoir. In the first layer
of Network 1, the readout weightW(1) is trained with the same procedure as
with the single-layer IGR shown in Fig. 2a, so as to obtain the first-layer
reservoir output y(1)(k). In the L-th layerðL^2Þ, the voltage-transformed
reservoir output y(L−1)(k) from the previous layer is input to the IGR instead
of random input u(k). The reservoir output of the L-th layer is then calcu-
lated by the linear combination of the reservoir state X(L)(k) obtained from
the IGR and the readout weightW(L) trained by linear regression. In the test
phase, the signal was propagated forwardwith theweights of all layers fixed,
and the computational performance was evaluated by the error between the
reservoir output y(L)(k) and themodel output yt(k) (Eq. 2) at thefinal layerL.
For details on the operating time in our Deep-RC scheme, please refer to
Supplementary Note 3 and Supplementary Figs. S5 and S6. The black and
gray plots in Fig. 3c show the dependence of the NMSE on the number of
layers in the test phase and the training phase, respectively, for the
NARMA2 taskperformedonNetwork1 to the trainingdata. In this task, the
reservoir is used to predict the NARMA2 model output yt(k) from input
u(k). However, in the structure of Network 1 (deep layered), the nature of
the problem changes after the second layer, and the task switches to pre-
dicting the NARMA2 model output using the reservoir prediction of the
previous layer as input (task switching). In a physical reservoir that uses
the transient response of a physical system in real time, the properties of the
reservoir state (nonlinearity, memory capacity, and diversity) change
strongly depending on the operating conditions (in this case, the input VG

pulse stream conditions), so that the accuracy in a given task changes due to
sensitivity to the device operating conditions (i.e., as discussed in Fig. 2, the
performance varies greatly with the operating conditions of the IGR.).
Therefore, in this case, where the nature of the task has changed, different

Fig. 2 | Performance evaluation of a single ion
gating reservoir (IGR) by the second-order non-
linear autoregressive moving average
(NARMA2) task. a Schematic of the NARMA2 task
performed by IGR, showing the pulse period T and
duty cycle D dependence of normalized mean
squared errors (NMSEs) for training (b) and test (c)
phases. Optimal conditions are indicated by *.
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operating conditions for the IGR need to be explored because different
characteristics are required for the reservoir. However, the method of
searching for optimal operating conditions for each additional layer is not
realistically achievable. In addition, although the task does not change
considerably after the second layer, the input to the reservoir (i.e., the output
of the previous layer) changes according to the learning status of the net-
work, so optimization of the operating conditions is still considered
necessary.

Therefore, in order to overcome such drawback and improve perfor-
mance, without the need to search for optimal operating conditions, we
considered Network 2 (Fig. 3b). This network is a modified model of Net-
work1 (deep layered) that utilizes all the reservoir states obtained from the
reservoirs of theprevious layers [X(1)(k),X(2)(k),…,X(L)(k)] so as to obtain the
reservoir output of a given L-th layer (deep and parallel structure). In this
scheme, higher dimensionality (the number of reservoir states used to
obtain output) increases with the number of layers, so that the expressive-
ness of the reservoir also increases. Anothermajor difference fromNetwork
1 (deep layered) is that task switching does not occur as discussed in Net-
work 1. Since the reservoir stateX(1)(k) in the first layer is always used in the
computation, regardless of the number of layers, the reservoir states in the
second and subsequent layers can be interpreted as additional features that
improve the accuracy of predicting the NARMA2model from the reservoir
states in the first layer. The blue and light blue plots show the dependence of
the NMSE on the number of layers in the test phase and the training phase,
respectively, for the NARMA2 task performed on Network 2 (deep and
parallel layered)28. The NMSE decreases dramatically as the number of
layers increases, and the error decreases by 41% at the third layer compared
to the single layer. Figure 3d shows the relationship betweenNMSEs and the
number of reservoir states used to generate output in final layer (NOUT) for

the two networks. Network 2 (deep and parallel layered) clearly shows a
reduction in errors compared to Network 1(deep layered). This is possibly
due to the fact that the numberof nodeswas effectively increased,while such
increase is generally difficult to achieve with physical reservoirs, as men-
tioned above. However, in Network 2 (deep and parallel layered), the error
increased slightly at the fourth layer, which increase effectively halted the
performance improvement.

Node Selection in deep-IGR
The decrease in performance with respect to the increase in the number of
nodes, which is shown in Fig. 3d, is thought to originate from the effect of
overfitting due to the increase in the number of unnecessary nodes43.
Overfitting in linear regression is determined by the combination of
reservoir size and training data length. Therefore, if the training data length
is limited, overfitting will occur as the reservoir size increases (especially the
number of unnecessary nodes). To verify this hypothesis, we analyzed the
high dimensionality in the correlation coefficient rAB between node A and
node B shown in Eq. 4 for the reservoir state used at the output of the fourth
layer of this Network 224.

rAB ¼
PM

k¼1 XA kð Þ � �XA

� �
XB kð Þ � �XB

� �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPM

k¼1 XA kð Þ � �XA

� �2PM
k¼1 XB kð Þ � �XB

� �2q ð4Þ

where XA(k) is the reservoir state of node A and �XA is the average value of
XA(k). Figure 4a shows the correlation coefficients |rAB| between all reservoir

statesX Lð Þ
i (i = 1 ~ 200, L = 1 ~ 4) used to generate output in the fourth layer

of Network 2 (i.e., 800 nodes in total). In the first layer, a randomwave u(k)
was input to the IGR, whereas in layer L (≧2), the output y(L−1)(k) of the

Fig. 3 | Performance evaluation of a deep-ion
gating reservoir (deep-IGR) for Network 1 and
Network 2 by the second-order nonlinear auto-
regressive moving average (NARMA2) task.
Schematic diagram of deep-IGR for (a) Network
128–30 and (b)Network 228. cNMSEs of theNARMA2
task vs. the number of layers of deep-IGR. The black
and blue plots show the results for Network 1 and
Network 2, respectively. d Normalized mean
squared errors (NMSEs) of theNARMA2 task vs the
number of reservoir states used to generate output in
each layer.
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Fig. 4 | Node selection in deep-ion gating reservoir (deep-IGR). aHeatmap of the
correlation coefficients of the reservoir states used in the output for the 4th layer of
Network 2. An example of (b) a strongly correlated or (c) relatively weakly correlated
reservoir state and a scatterplot. d The �rj

���
��� plots, rearranging the node numbers j in

order from the lowest �rj

���
���. e The relationship between the number of selected nodes

N’ and the normalized mean squared error (NMSE) of the second-order nonlinear
autoregressive moving average (NARMA2) task. f NOUT vs NMSEs of
NARMA2 task.
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previous layer was input to the IGR. Therefore, because these correlation
coefficients are small, due to the difference in inputs, the |rAB| in the first
layer is very different from that in the rest of the layers, as shown in Fig. 4a.
The inset of Fig. 4a shows an expanded part of the reservoir state in the first
layer. The other major correlated/uncorrelated node combinations were
also achieved by the following node combinations. (1) gate current/drain
current, (2) original pulse/inverted pulse, (3) virtual node corresponding to
pulse on time/pulse interval, etc. For example, the correlation coefficient |r|

betweenX L¼1ð Þ
i¼5 andX L¼1ð Þ

i¼3 is close to 1, and they exhibit similar behavior, as
shown in Fig. 4b. They correspond to different virtual nodes taken from the

same drain current (Lch = 5 µm).On the other hand,X L¼1ð Þ
i¼5 andX L¼1ð Þ

i¼11 have
a relatively low correlation coefficient |r| of 0.48 and exhibit different
behavior, as shown in Fig. 4c. These nodes correspond to different virtual
nodes taken from different drain currents (Lch = 5 µm and Lch = 10 µm).

To identify which of the 800 nodes shown in Fig. 4a has the lower
correlation coefficient (i.e., contributes to the higher dimensionality), the
average value of the correlation coefficient for node j (=1, …, 800) was
calculated as shown in Eq. 5;

�rj

���
��� ¼

PNall
i≠j rji

���
���

Nall � 1
ð5Þ

whereNall is the number of all nodes (in this case,Nall = 800). The j�rjj plots,
rearranging the node numbers j in order from the lowest j�rjj, are shown in
Fig. 4d. The lowest j�r1j is 0.3, whereas j�rjj increases with increasing j,
indicating that j�rjj saturates at about j = 300. This suggests that about 500 of
the total 800 node reservoir states are nodes that do not contribute to high
dimensionality (i.e., the nodes are less effective for performing the given
task). To evaluate the effect of node correlation coefficients and high
dimensionality on computational performance, the NARMA2 task was
performed by increasing number of selected reservoir statesN’ in the order
of lower j�rjj (for example, when N’ = 100, Xj(j = 1 ~ 100) was used for the
calculation). Note thatN’ =NOUT in this case, where node selection is made
only on the final layer (L = 4). Figure 4e shows the relationship between N’
andNMSE; in the regionwhereN‘ is approximately 260 or less,N’ increases
while NMSE decreases for both training and testing. On the other hand, in
the region where N‘ is above approximately 260, N’ increases and the
training error continues to decrease, while the test error increases. Also, as
shown in Supplementary Fig. S7, the derivative of the test error converges to
a slightly positive value in the region where N’ is above about 270. This
indicates the effect of overfitting with increasing reservoir size, in which
reservoir states in regions of saturated diversity have a negative impact on
the computation. Figure 4f shows the results obtained with size reduction
(Fig. 4e) and the relationship between theNMSEsof theNARMA2 task (test
phase) and NOUT for Network 2. The red plots show the results of the
computation when gradually excluding nodes, in order of largest j�rjj, from
the 800 nodes which were used to generate output in the fourth layer of
Network 2. It was found that the NMSE decreased despite any reduction in
the number of reservoir states used to generate the output. Reducing to
N’ = 600 (i.e., excluding from the calculation the 200 nodes with large j�rjj),
the improvement in computational performancewas only about the sameas
in the third layer without size reduction, but atN’ = 460 (i.e., excluding from
the calculation the 340 nodes with large j�rjj), it rather outperformed an
interpolated version ofNetwork 2 without size reduction between L = 2 and
L = 3. The performance continued to improve as the number of nodes was
reduced to about N’ = 300, but when N’ was further reduced, the perfor-
mance rapidly degraded due to the loss of the nodes necessary for the
computation being performed. These results indicate that the adverse effects
of multilayering, such as unnecessary node growth and overfitting, were
successfully suppressed without sacrificing the advantages of improved
computational performance due to multilayering. Here, network pruning
was performed by selectively incorporating uncorrelated nodes in the net-
work through correlation coefficient analysis. This pruning method

effectively exploits the feature of RC that its computational performance is
achieved by high dimensionality. Therefore, the pruning method based on
the correlation coefficient is useful for identifying nodes that lead to higher
dimension and identifying performance improvement mechanisms that
lead to higher dimension and performance improvement, although other
methods, such as network pruning based on network structure analysis can
also be used in our Deep-RC.

Deep-IGR architecture, which utilizes node selection at
each layer
The node selection (reduction) by j�rjj was adapted to only one layer in the
configuration shown in Fig. 4. Here, in order to maximize computational
performance, we consider Network 3, in which node selection is adapted to
all layers from the second layer onward by modifying Network 2 (deep and
parallel layered). The number of selected reservoir states N’ used for the
output of each layer was set to 400. Therefore, the first (single) and second
layers, where the number of reservoir states NOUT is 200 and 400, respec-
tively, do not perform node selection and are therefore identical to Network
2, represented in Fig. 3b. The calculation method used for the third and
subsequent layers of Network 3 is explained below. The output in the third
layer of Network 2 used 600 reservoir states of X(L=1), X(L=2) and X(L=3) [here,
these reservoir states are rewritten as Xj (j = 1, 2,…, 600)]. In Network 3, of
these 600 reservoir states, N’ nodes (here 400 nodes) selected as X’(L=3) in
order of smallest j�rjj are used to generate the output of the third layer y(L=3).
Furthermore, by voltage converting y(L=3) and inputting it to IGR again,X(L=4)

(200 nodes) is obtained, and together with the reservoir states X’(L=3) (400
nodes) obtained in the previous layers, there are a total of 600 reservoir states
[here, these reservoir states are rewritten asXj (j = 1, 2,…, 600)]. As above,N’
(=400) of these 600 nodes with small j�rjj were selected X’(L=4) and used to
generate output in the fourth layer y(L=4). Figure 5a and b show schematic
diagrams of how the reservoir outputs y(L) of Network 2 and Network 3 in
layer L are computed, respectively. In Network 2, shown in Fig. 5a, the
number of reservoir states used for output increases by 200 as the number of
layers increases, because all reservoir statesX(L=1),X(L=2),…,X(L) in layers 1 to
L are used to generate the reservoir output in layer L. On the other hand, in
Network3, shown inFig. 5b,X’(L) selectedbyN’nodes inorder of smallest j�rjj
of the reservoir stateX’(L−1) selected up to the previous layer and the reservoir
state X(L) in Layer L, as described above. Therefore, the number of reservoir
states used to generate output isfixedatN’, regardless of thenumber of layers
L (>1). Figure 5c shows a plot of NMSE vs. the number of layers in the
NARMA2 task for Network 3 (deep and parallel layered with node selec-
tion), with the number of selected nodesN’ = 400. The NMSE continued to
decrease as the number of layers increased, for both training and testing
errors, with the fourth layer achieving better computational performance
than Network 2 (deep and parallel layered), shown by the dotted blue line,
with an NMSE of 0.00326 in the training phase and 0.00921 in the testing
phase. These values are 79% and 53% lower in the training and testing
phases, respectively, compared to a single-IGR. Figure 5d shows the rela-
tionship between the number of nodes used for output NOUT and NMSE
(test phase). Network 3 showed improved computational performance over
the conventional Network 2, despiteNOUT after the second layer being fixed
at 400 ( =N‘). This performance improvement is explained by the network
being trained by increasing the number of layers while excluding unneces-
sary nodes that cause overfitting and nodes that do not contribute to
diversity, thereby effectively incorporating the features obtained in each
layer. The predicted and target waveforms at layers 1 and 4 are shown in
Fig. 5e and f, respectively. Although the predictedwaveform in thefirst layer
captured the trend of the target waveform, there was a divergence between
thepredictedwaveformand the targetwaveform in someareas.On theother
hand, the predicted waveforms at the fourth layer, shown in Fig. 5f, are in
almost perfect agreement. This shows that the deep-IGRbasedonNetwork3
is able to successfully solve theNARMA2model shown inEq. 2, and that this
architecture drastically improved the computing performance of the IGR.
Supplementary Fig. S8 shows the N’ dependence of NMSE during the test
phase of the 3-layerDeep-IGR (Network3). For thedeep layered scheme, the
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test error was minimal when N’ = 400, therefore, N’ = 400 is set here. Fig-
ure 6a shows a comparison of the computational performance evaluated in
the NARMA2 task of this study with other physical reservoirs reported so
far22–25,38–40.Here, inorder tomaximize theperformanceof thedeep-IGR, the
outputweights of thefinal layer (L = 4) ofNetwork 3were trainedwith ridge
regression. Our deep-IGR (Network 3, L = 4) achieved NMSE = 9.08×10−3

in the test phase for the NARMA2 task (NMSE = 3.37 × 10−3 in the training
phase), andachieved thehighest computational performanceof anyphysical
reservoir reported to date for the NARMA2 task22–25,38–40, even out-
performing the NMSE = 0.016 of fully simulated reservoir computing
[Standard Echo State Network (ESN)]38. This standard ESN is a single-
reservoir with 300 nodes of a hyperbolic tangent as the activation function38,
and differs from Deep-IGR (400 nodes and four multilayers) in its network
architecture and reservoir size. Although they are not a perfect like-for-like
comparison, ESN, which is a typical example of a simulation reservoir, has
beenwidely compared in performancewithmany physical reservoirs1,38,44–46.
Simulation reservoirs that canadjust thenetwork structure and reservoir size
according to the purpose generally perform better than PRCs, and actually
no PRCs that outperform the reported standard ESNs have been reported

for theNARMA2 task, as shown in Fig. 6a. Therefore, this comparison has a
certain value because our Deep-IGR is the first physical system to outper-
form this reported simulation reservoir in the NARMA2 task22–25,38–40. In
particular, the NARMA2 task is one of the best tasks for evaluating and
comparing the basic information processing capabilities of PRC, since the
task of analyzing second-order dynamic systems is widely performed by
PRC1,10,13,22–25,38–40,47,48. On the other hand, the NARMA10 task is considered
as a more challenging benchmark task, but Deep-IGR was unable to solve
the NARMA10 task. This is due to the relatively small memory capacity
(MC) of IGR (MC~ 4). It is expected that if our Deep-RC architecture is
implemented in adynamical systemwithhighmemory capacity (e.g., optical
elements and spin-wave interference)5,6,8,25, the NARMA10 task can be
solvedwithhigh accuracy.Wewould like to demonstrate this as futurework.

The deep-RC architecture proposed in this study has very few hyper-
parameters, and can easily enhance the computational performance of
physical reservoirs. Usually, it is extremely difficult to maximize the infor-
mation processing capability of a physical system in physical reservoir
computing. There is a wide variety of parameters to be considered if the best
computational performance is to be obtained from a physical reservoir;

Fig. 5 | Performance evaluation of a deep-ion
gating reservoir (deep-IGR) for Network 3 by the
second-order nonlinear autoregressive moving
average (NARMA2) task. Schematic diagram of
layer L of a deep-IGR for (a) Network 2 and (b)
Network 3 with node selection. c Normalized mean
squared errors (NMSEs) of the NARMA2 task vs.
the number of layers of deep-IGR. d NMSEs of the
NARMA2 task vs NOUT. Target waveform and
predicted waveform by IGR at (e) L = 1 and (f) L = 4.
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these include the delay time of the feedback loop, the mask matrix used for
input signal preprocessing (mask format, number of masks, mask length,
etc.), in addition to the intensity and frequency of the signal input to the
physical system. Such complexity makes it almost impossible to experi-
mentally search for the best combination of driving conditions for a physical
system.Hence, the deep-layered physical reservoir architecture proposed in
this study can dramatically improve the computational performance, and
can be realized in a small parameter space that is possible to realistically
explore. We experimentally examined three different deep reservoir archi-
tectures, which are shown in Fig. 6b-d, and found that Network 1 (deep
layered, shown in Fig. 6b), which was previously reported for simulated
reservoirs, does not necessarily contribute to improved performance in
physical reservoirs28–30. Said scheme is suitable only as a component part of
physical reservoirs, whose characteristics are not so sensitive to operating
conditions. Further, it does not increase the network size, which is a serious
problem faced by physical reservoirs. On the other hand,we have succeeded
in increasing the network size and in improving the computational per-
formance of the physical reservoir drastically with Network 3 (deep and
parallel layeredwithnode selection),which is amodified versionofNetwork
2 (deep and parallel layered, shown in Fig. 6c) that selectively uses useful
nodes for information processing, as shown in Fig. 6d. These deep-RC
schemes should be practically implemented by integrating an FPGA and
IGRs, as shown in Supplementary Fig. S9, whichwewould like to address as
future work. Our deep-IGR is the first nanodevice implementation of deep-
RC, and the dramatic improvement of the performance of IGR by our
architecture provides the possibility of realizing large-scale, brain-like
physical devices.

Conclusion
In this study, we demonstrated the implementation of Deep-RC by nano-
devices and the improvement of computational performance achieved by
optimizing the deep network structure, whereas Deep-RC has only been
implemented by simulated RCs and limited physical reservoirs. We
implemented IGR that uses ion-electron coupling dynamics as a compu-
tational resource23 in the reservoir part, so as to create a multi-layered
framework, and found that a simple serial network structure did not
improve the performance (Network 1). On the other hand, we determined
that a network structure that uses the reservoir state of the previous layer for
outputs shows a remarkable improvement in performance (Network 2).
This is because, in addition to succeeding in further increasing the dimen-
sion, which is generally difficult in physical systems, the predicted output of
the reservoir is again input to the IGR and transferred to the high-
dimensional feature space, where it is learned so that the deviation from the
target output is reduced. In order to suppress overlearning due to increase of
unnecessary nodes, which was confirmed in this network structure, node
selection based on correlation coefficients was used in Network 3 to effec-
tively extract nodes that are effective for information processing. As a result,
an NMSE of 9.08 × 10−3 was achieved in the NARMA2 task for deep-IGR.
This is the best performance of all the physical reservoirs reported so far for
theNARMA2prediction taskwhich is a typical benchmark task forRCs and
PRCs, and even outperforms full-simulation RC22–25,38–40. The easy
and dramatic performance improvement of IGRs with our deep-RC
architecture, and opens the way to the implementation of practical, large-
scale, brain-based physical devices.

Fig. 6 | Performance comparison with other phy-
sical reservoirs and summary of deep-reservoir
computing (deep-RC) structures in this study.
a Performance comparison with other physical
reservoirs by the second-order nonlinear auto-
regressive moving average (NARMA2) task22–25,38–40.
The result for soft body22 was converted to the
normalizedmean squared error (NMSE) in Eq. 3 for
comparison. Schematic diagram of the Deep-RC
architecture for physical reservoir computing (PRC)
investigated in this study for (b) Network 128–30, (c)
Network 228 and (d) Network 3.
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Method
Device fabrication and electrical measurements
Hydrogen-terminated diamond homoepitaxial film was deposited, as a
channel, on a IIa-type high-pressure high-temperature single-crystal dia-
mond substrate (100) (EDP) by the microwave-plasma chemical vapor
deposition (MPCVD) method. During the deposition process, 500 and 0.5
standard cubic centimeters per minute of H2 and CH4, respectively, were
supplied, and the hydrogen-terminated diamond was grown at a radio
frequency of 950W. The IGR were fabricated with nine different channel
lengths (5, 10, 25, 35, 50, 100, 250, 350, and500μm), allwith a channelwidth
of 50 μm. Pd/Pt electrodes (10 and 35 nm, respectively) were deposited as
source and drain electrodes by electron beam evaporation with maskless
lithography after oxygen termination of the diamond surfaces (other than
channels) by oxygen plasma asher. A 3.5-μm LSZO thin film, used as an
electrolyte, was deposited by pulsed laser deposition (PLD) with an ArF
excimer laser. A 100-nm Au thin film was deposited by electron beam
deposition as a gate electrode.

Electricalmeasurements of IGRwereperformedby the sourcemeasure
unit and pulse measure unit of a semiconductor parameter analyzer
(4200A-SCS, Keithley), which measurements were carried out at room
temperature inside a vacuum chamber that had been evacuated by a turbo
molecular pump. Probers were used to connect the IGR inside the chamber.

Linear regression algorithm for learning readout networks
In theNARMA2 task,whichwas used in this study to evaluate performance,
the readout network was trained with linear regression using the algorithm
described below. The reservoir output shown in Eq. 1 can also be expressed
as;

y kð Þ ¼ W � x kð Þ ð6Þ

whereW = (b,W1,W2,…,WN) and x(k) = [1, X1(k), X2(k),…, XN(k)]
T are

the weight vector and the reservoir state vector, respectively. The reservoir
output Y for all training periods (k = 1, 2,…,M) is described by;

Y ¼ WX ð7Þ

whereX = (x(1), x(2),…, x(M)) andM = 1600 are the reservoir statematrix
and the data length for the training phase, respectively. The weight matrix
that minimizes the squared error is given by;

W ¼ YtX
y ð8Þ

where Xy ¼ ½XT XXT
� ��1� and Yt are the Moore-Penrose pseudo-inverse

matrix and the targetmatrix, respectively. In the results shown in Fig. 6a, the
readout weights of the final layer of Deep-IGR (Network 3) were trained
with the ridge regression as follows.

W ¼ YtX
T XXT þ λI
� ��1 ð9Þ

where λ (=2 × 10−3) and I ð� RN ×N Þ are the ridge parameters and identity
matrix, respectively. The learning and the sum-of-product calculation
performed in the readout network were done on a personal computer using
current data obtained from the IGR.However, by utilizing artificial synaptic
devices that reproduce weights by conductance, the sum-of-product
calculation performed in the readout can also be calculated in a physical
process, which is expected to further improve efficiency49–58.

Data availability
The datasets generated during and/or analyzed during the current study are
available from the corresponding author on reasonable request.

Code availability
The codes used in the current study are available from the corresponding
author on reasonable request.
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