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Spin-wave reservoir chips with short-term memory for high-speed estimation of
external magnetic fields

Sho Nagase,1 Shoki Nezu ,1 and Koji Sekiguchi 2,3,4,*

1
Graduate School of Engineering Science, Yokohama National University, Tokiwadai 79-5,

Yokohama 240-8501, Japan
2
Institute of Advanced Science, Yokohama National University, Tokiwadai 79-5, Yokohama 240-8501, Japan

3
Institute of Multidisciplinary Sciences, Yokohama National University, Tokiwadai 79-5,

Yokohama 240-8501, Japan
4
Faculty of Engineering, Yokohama National University, Tokiwadai 79-5, Yokohama 240-8501, Japan

 (Received 23 March 2024; revised 17 June 2024; accepted 29 July 2024; published 29 August 2024)

The experimental realization of a spin-wave reservoir chip employing ferromagnetic permalloy thin
films is presented. The novel device facilitates the interference of three spherical wave-excited surface
mode spin waves within a rectangular waveguide via strategically positioned slits, enabling the detection
of electrical signals from surface mode spin waves across all four observation antennas. Through the
experiments conducted, it is confirmed that the device functions as a one-input, four-output reservoir
capable of estimating external magnetic fields. Notably, the results demonstrate the device’s capacity to
retain memory up to one step prior in short-term memory tasks, while confirming the effectiveness of spin-
wave interference induced by Huygens slits in enhancing nonlinearity, as observed in parity-check tasks.
Furthermore, the inclusion of additional detection antennas contributes to improved learning accuracy,
highlighting the significant progress achieved by the spin-wave reservoir chip. These findings underscore
substantial progress toward practical implementation, with promising avenues for further development
and refinement, showing its remarkable ability to process signals at high speeds, even with 0.8-ns pulse
sequences.
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I. INTRODUCTION

Physical reservoir computing is a novel information
processing method [1,2]. Initially derived from recurrent
neural networks, which typically comprise input, middle,
and output layers, reservoir computing introduces a dis-
tinctive element known as the reservoir in its architecture
[3–5]. Unlike traditional setups, the reservoir incurs no
learning cost for establishing the weights of connections
(synapses) among all neurons. The synapse weights are ini-
tially assigned arbitrary values, with only the output data
from the reservoir undergoing training. The reservoir’s pri-
mary function is to nonlinearly transform input data into
higher dimensions, facilitating faster and energy-efficient
information processing [5–9]. Nonlinear transformation
can be achieved not only through computational processes
using conventional electric circuits but also by leverag-
ing certain physical phenomena. This is because specific
physical phenomena inherently exhibit nonlinearity and
short-term memory, both of which serve as alternatives to

*Contact author: sekiguchi-koji-gb@ynu.ac.jp

extensive learning computations. To date, physical reser-
voirs utilizing photonic microcavities, quantum bits, spin
dynamics, and spin waves have been proposed as circuit-
free and energy-efficient reservoirs [10–22].

Among these options, spin-wave physics offers a
straightforward reservoir architecture since it operates
in ambient air and at room temperature [23–27]. The
groundbreaking spin-wave reservoir concept was intro-
duced by Nakane [11], utilizing yttrium iron garnet
(YIG) [28]. In this setup, nonlinear reservoir opera-
tions were executed through spin-wave interference. This
research demonstrated that spin waves enable wire-free
computation between input signals, and the voltage-
controlled magnetic anisotropy (VCMA) effect of YIG
played a crucial role as the source of spin-wave excitations
[29–31]. It is noteworthy, however, that achieving VCMA
in ferrimagnetic insulator YIG remained elusive. Recently,
an alternative spin-wave reservoir concept has been put
forward, which proposes the utilization of standing spin
waves in a magnetic disk to create a reciprocal space
reservoir [32]. In this arrangement, Brillouin light scatter-
ing spectroscopy, a large optical system, plays a crucial
role in configuring the reservoir system. Nevertheless, it is
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important to note that, even within this system, the con-
crete realization of a spin-wave reservoir as a chip device
has not yet been accomplished.

In this study, we investigated the fundamental behaviors
of a spin-wave reservoir chip electrically. Nonlinear spin
waves were generated using an electric antenna in conjunc-
tion with the Huygens principle. Independent detection
antennas captured the signals of complexly interfered spin
waves in the time domain. Through the analysis of spin-
wave signals, we examined basic computational tasks to
validate reservoir performance, namely, short-term mem-
ory (STM) and parity-check (PC) tasks. Our demonstrated
prototypes significantly improved the capability of reser-
voir computation, enabling a more expanded architecture
such as multiple inputs and multiple outputs devices. In
addition, an all-electric detection chip device shows poten-
tial as an edge computing reservoir chip, as it eliminates
the need for unrealized VCMA of YIG and avoids large
optical systems.

II. RESULTS AND DISCUSSION

Figure 1 depicts a schematic of the experimental setup.
The spin-wave reservoir consisted of permalloy (Py) sput-
tered 300 nm onto a Si substrate with a 100-nm-insulating
SiO2 layer. The reservoir was fabricated using the Ar ion
milling method into a rectangular shape with a width (w)
of 40 μm and a length (l) of 80 μm. To maintain the
sample’s flatness, an insulating SiO2 layer was used for
backfilling. The spin-wave excitation antenna and detec-
tion antennas were sputtered with Ti (5 nm)/Au (200 nm),
as depicted in Fig. 1(a). The excitation antenna was a
coplanar waveguide (CPW) in a ground-signal-ground
through configuration, while the detection antennas were
asymmetric CPWs. The CPWs were designed to have
a characteristic impedance of 50 �, and the separation
distance between the signal-ground line was designed to
be 2.15 μm. All antennas were made with 3-μm-wide
wires. Figure 1(b) illustrates the detailed structure of the
spin-wave reservoir, featuring two independent slits posi-
tioned beneath the excitation antenna to induce complex
spin-wave interference according to the Huygens prin-
ciple. Each slit measured 2 μm in width and 3 μm in
length. Additionally, four independent antennas surround
the slits (four-port spin-wave reservoir). Figures 1(c) and
1(d) represent the reference reservoir without slits, which
was utilized to demonstrate the heightened nonlinearity
observed in the sample depicted in Fig. 1(b).

As shown in Fig. 1(e), spin waves were excited by an
excitation antenna launching a fast pulse using a pulse
generator (Picosecond Pulse Labs 10070A). The excitation
pulse had a duration of 10 nm and an amplitude of 7 V; the
repetition frequency was 100 kHz. An external magnetic
field Hy was applied parallel to the y-axis, and the signals

TABLE I. Hyperparameters and a function for machine
learning.

Learning
rate η Epochs Threshold θ Activation function

0.7 4000 0 f (x) = 1/[1 + exp(−x)]

of the spin waves were detected by detection antennas con-
nected to a sampling oscilloscope (Agilent Technologies
DCA-J 86100C). The opposite ends of both the excitation
and detection transmission lines were connected to a low-
noise ground. The measured signal V(Hy) was composed
of the spin-wave amplitude Vsw and background noise Vn
and can be represented as V(Hy) = Vsw+ Vn. To eliminate
the field-independent background noise Vn, the zero-field
data V(0) = Vn was subtracted [33–35].

To explore the fundamental potential of the physical
reservoir, the spin-wave reservoir was utilized to estimate
the applied external magnetic field. The bias magnetic
field was set at Hy = 600 Oe, while an additional magnetic
field was applied parallel to the x-axis. Consequently, the
external field became the vector sum of H ext = H y + H x.
The spin-wave primarily propagates as a magnetostatic
surface spin-wave (MSSW) but undergoes modulation by
Hx, exhibiting a mixed character with a backward volume
magnetostatic spin-wave. Figures 1(f)–1(i) illustrate the
spin-wave waveforms (reservoir output) detected by four
independent antennas labeled 1 to 4 when Hx = 10 Oe,
which contain peculiar features. Note that the spin-wave
reservoir does not require a circuit to generate nonlinear
transformations. To extract the features, we have adopted
four steps of signal processing: (1) digital Fourier filtering
(bandpass 7 < f < 11.5 GHz) to reduce noise, (2) Hilbert
transformation to extract characteristic envelopes, (3) up-
sampling of discrete data with a 0.01-ns resolution to be
set at 500 points, and (4) machine (supervised) learning
by the gradient descent method choosing certain succes-
sive 20 points [Appendix A]. The hyperparameters and an
activation function for machine learning are summarized
in Table I. The envelopes at Hx = 30, 50, 70, and 90 Oe
were used as the training dataset, while the envelopes at
Hx = 20, 40, 60, and 80 Oe were used as the test dataset.

Figure 1(j) represents the learning accuracy of Hx using
the spin-wave reservoir. In an ideal scenario where the
spin-wave reservoir achieves perfect learning accuracy, the
estimated magnetic field values should align with the black
solid line labeled “Answer.” Given that Hx was experi-
mentally varied at intervals of 10 Oe, machine learning
was considered successful when the root mean square
error (RMSE) remained within ±5 Oe [11,13,36]. As
depicted by the blue and red solid circles, the trained
and learned data points are closely distributed around the
“Answer” line. The RMSE of the learning dataset was
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FIG. 1. Schematic illustration of the spin-wave reservoir chip and the experimental setup. (a) A spin-wave reservoir fabricated using
permalloy thin films. (b) Two independent slits fabricated beneath the CPW excitation antenna, which connects to the pulse generator.
Four independent antennas surround the two slits and are numbered from 1 to 4. (c) Reference sample. (d) Spin-wave reservoir without
any slits. (e) Spin-wave signals detected using a sampling oscilloscope. Here, to excite the surface-spin wave mode, bias magnetic
fields are applied along the y-axis, while small modulation fields are applied parallel to the x-axis. A simulated wave front is inserted at
the surface of the Py thin film. (f)–(i) Spin-wave waveforms detected in the time domain using antennas 1 through 4. Each packet forms
a characteristic envelope indicated by dashed lines. (j) External field estimation using a spin-wave reservoir with slits. (k) External
field estimation using the reference reservoir without slits.

2.953, whereas that of the test dataset was 4.670. Con-
sequently, the estimation of Hx was successfully accom-
plished. To understand the effect of nonlinear interference
on learning accuracy, the magnetic field estimation was
also performed using the reference reservoir sample shown
in Fig. 1(d), which contains no slits. Figure 1(k) illus-
trates the result of the same task of estimating the magnetic
field Hx and displays an RMSE value of 9.110 for the test
dataset, indicating significantly poorer accuracy. The slits
contribute to the increase of features, resulting in more
accurate machine learning.

The magnetic field estimation presented above was
not sufficient to demonstrate that the spin-wave reser-
voir was a powerful physical reservoir. To validate this
claim, we conducted tests on the well-known benchmark

tasks known as short-term memory (STM) and parity-
check (PC) tasks [13,16,30,37] using high-speed pulse
sequences. As explained in a major textbook on machine
learning, the important metrics of STM for certain time-
series data x(n) (n = 1, 2, 3,. . . ) are the square of the
correlation coefficient r and learning capacity CSTM [36],
so that

r2(τ ) = C2
ov(y(n), ySTM(n, τ))

Cov(y(n))Cov(ySTM(n, τ))
, (1)

CSTM =
∑

τ=0

r2(τ ). (2)

The output ySTM to be predicted is given by the equation
ySTM(n,τ ) = x(n−τ ), where n represents the current time
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step and τ denotes the number of time steps to look back.
The Cov(x, y) is the covariance. If the r2(τ ) is close to
1, it indicates a strong correlation with the ideal output,
thus indicating high learning accuracy. The larger value of
CSTM indicates a better reservoir. The STM task is a good
indicator of capability for tracking history [36]. Similarly,
the critical metrics for the parity-check task are given as
follows:

r2(τ ) = C2
ov(y(n), yPC(n, τ))

Cov(y(n))Cov(yPC(n, τ))
, (3)

CPC =
∑

τ=0

r2(τ ). (4)

The output yPC (to be predicted) is given by the equation
yPC(n, τ) = x(n) ⊕ x(n − 1) ⊕ . . . ⊕ x(n − τ) where n rep-
resents the current time step and τ denotes the number
of time steps to look back. The operator ⊕ represents the
exclusive or (XOR) operator. Note that the PC task serves
as an indicator that captures both the ability to track his-
tory and nonlinearity simultaneously since the calculation
of XOR is not linearly separable; thus, it requires the ability
to perform nonlinear computational processing.

Figure 2 shows an experimental setup for the STM
and PC tasks of the spin-wave reservoir. As shown in

Fig. 2(a), the excitation antenna was connected to an arbi-
trary wave generator (Tektronix AWG70002A), and the
detection antennas were connected to a real-time oscil-
loscope (Agilent DSO80604B) to deal with a long data
length. The spin-wave signal was averaged over 65534
waveforms. As depicted in Fig. 2(b), the random 500-
bit pattern, e.g., 101000110110. . . ., was converted into an
electric pulse train at the input layer. Each pulse has a dura-
tion of 0.8 ns, and the train comprises a total of 500 pulses.
The offset voltage was set at −250 mV. A signal of “1”
was designated as +250 mV, and a signal of “0” was set
to approximately one-third of the signal “1,” which was
about 83 mV. Subsequently, the electric pulse train gen-
erates spin waves and induces nonlinear interference via
the slits, ultimately mapping to higher dimensions. The
physical reservoir layer generates intricate spin-wave pat-
terns. The spin-wave waveforms from the 101st to the
300th pattern (step) were used for the training dataset,
while patterns 301 to 500 were used for the test dataset.
We have adopted four steps of signal processing in the
read-out layer shown in Fig. 2(b): (1) digital Fourier filter-
ing (bandpass 4 < f < 8 GHz) to reduce noise, (2) Hilbert
transformation to extract characteristic envelopes, (3) up-
sampling of discrete data with a 0.01-ns resolution to create
80 points for each spin-wave envelope (0.8 ns/0.01 ns),
and (4) machine learning was conducted to estimate initial

(a) (c)

(d)

(e) (h)

(g)

(f)

(b)

FIG. 2. Experimental setup for the short-term memory and parity-check tasks of the four-port spin-wave reservoir. (a) Excitation
antenna connected to the arbitrary wave generator. Here, detection antennas connect to a real-time oscilloscope. (b) Layout of the
spin-wave reservoir. Time-series data involves 500 random bits that convert into a continuous-electric 500-pulse train at the input
layer. These pulse trains generate nonlinearly interfered spin waves in the permalloy thin film at the reservoir layer. The read-out layer
creates the training dataset and performs machine learning. The evaluated CSTM for three different datasets: (c) {vport1 (Hy = 10 Oe),
. . . , vport4 (Hy = 10 Oe)}, (d) {vport1 (Hy = 20 Oe), . . . , vport4 (Hy = 20 Oe)}, and (e) V{vport1 (Hy = 10 Oe), . . . , vport4 (Hy = 10 Oe), vport1
(Hy = 20 Oe), . . . , vport4 (Hy = 20 Oe)}. The evaluated CPC for three different datasets: (f) {vport1 (Hy = 10 Oe), . . . , vport4 (Hy = 10 Oe)},
(g) {vport1 (Hy = 20 Oe), . . . , vport4 (Hy = 20 Oe)}, and (h) {vport1 (Hy = 10 Oe), . . . , vport4 (Hy = 10 Oe), vport1 (Hy = 20 Oe), . . . , vport4
(Hy = 20 Oe)}.
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FIG. 3. Experimental setup for the short-term memory and parity-check tasks of the eight-port spin-wave reservoir. (a) Spin-wave
excited by an arbitrary wave generator. A simulated wave front is inserted at the surface of the Py thin film. Here, spin-wave signals are
detected by eight antennas placed at different positions using real-time oscilloscope via rf switches at the maximum 40 GS/s sampling.
The evaluated CSTM for three different datasets: (b) {vport1 (Hy = 10 Oe), . . . , vport8 (Hy = 10 Oe)}, (c) {vport1 (Hy = 20 Oe), . . . , vport8
(Hy = 20 Oe)}, and (d) V{vport1 (Hy = 10 Oe), . . . , vport8 (Hy = 10 Oe), vport1 (Hy = 20 Oe), . . . , vport8 (Hy = 20 Oe)}. The evaluated CPC
for three different datasets: (e) {vport1 (Hy = 10 Oe), . . . , vport8 (Hy = 10 Oe)}, (f) {vport1 (Hy = 20 Oe), . . . , vport8 (Hy = 20 Oe)}, and
(g) {vport1 (Hy = 10 Oe), . . . , vport8 (Hy = 10 Oe), vport1 (Hy = 20 Oe), . . . , vport8 (Hy = 20 Oe)}.

bit patterns using the middle 16 points of each spin-wave
envelope. The Ridge regression method was used to mit-
igate overfitting, with a regularization parameter (λ) set
to 0.1 [Appendix B]. Hereafter, we use the terminology
“port” to distinguish the function of the read-out layer from
the “antenna,” which refers to the physical reservoir layer.

The STM and PC tasks were demonstrated using three
datasets: {vport1 (Hy = 10 Oe), . . . , vport4 (Hy = 10 Oe)},
{vport1 (Hy = 20 Oe), . . . , vport4 (Hy = 20 Oe)}, and the
virtual node dataset {vport1 (Hy = 10 Oe), . . . , vport4
(Hy = 10 Oe), vport1 (Hy = 20 Oe), . . . , vport4 (Hy = 20 Oe)}
where the data for 20 Oe are treated as virtual addi-
tional ports. Figures 2(c)–2(e) show the learning capac-
ities of CSTM and Figs. 2(f)–2(h) display CPC for these
datasets. An ideal superior reservoir should exhibit a robust
correlation (r2(τ ) = 1) and maintain it over extended
delay steps (from 0 to 15). In the case of dataset {vport1
(Hy = 10 Oe), . . . , vport4 (Hy = 10 Oe)}, which is shown
by the green color in Fig. 2(c), the four-port spin-wave
reservoir with slits exhibits a finite correlation r2(τ ) up
to the 4th step and loses correlation at the 5th step.
Interestingly, the spin-wave reservoir regains correla-
tion at the 9th to 13th steps. The CSTM was evaluated
as 4.191. This pattern is consistent with dataset {vport1
(Hy = 20 Oe), . . . , vport4 (Hy = 20 Oe)} shown in Fig. 2(d),
where the CSTM was evaluated as 3.567. The virtual node
dataset {vport1 (Hy = 10 Oe), . . . , vport4 (Hy = 10 Oe), vport1

(Hy = 20 Oe), . . . , vport4 (Hy = 20 Oe)} depicted in Fig. 2(e)
exhibits an improved learning capacity, with CSTM= 5.236.
Compared with the result of the reference reservoir (with-
out slits) shown in red (CSTM= 3.458, 3.269, and 4.830),
the reservoir consistently maintains stronger correlations.

The STM task’s physical interpretation suggests that the
correlation from the 1st to 4th step originates from initial
interfered spin waves, while the correlation from the 9th
to 13th step is induced by the interference of spin waves
reflected at the edges of the rectangular waveguide. The
delay step corresponds to the propagation delay of spin
waves. Fortunately, the finite scale of the permalloy rect-
angle increases the complicated spin-wave dynamics. The
slits in permalloy film increase nonlinearity compared with
the CSTM of the reference reservoir for each dataset [the
effect of slits is described in Appendix C]. Regarding the
evaluated CPC depicted in Figs. 2(f)–2(h), the correlation
extends up to the 2nd step, and CPC remains consistently
small across all datasets. The physical interpretation of
the PC task suggests that the nonlinearity is not suffi-
ciently strong under the current experimental conditions.
As explained earlier, CPC is more strongly influenced by
the nonlinear computation of the XOR operation than by
history tracking. Therefore, the CPC of the four-port reser-
voir with slits consistently exceeds that of the reference
reservoir without slits, with the minor difference indicat-
ing only a slight increase in nonlinearity in the presence
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(a) (b)

(c) (d)

FIG. 4. Experimentally reported capabilities and performance indexes of the physical reservoirs. The experimentally reported val-
ues of (a) CSTM and (b) CPC. The performance index of the (c) short-term memory PSTM

reservoir and (d) parity-check PPC
reservoir tasks, as

experimentally reported.

of the slits. Nonetheless, the magnitudes of CPC exceed
those of other physical reservoir systems. This point will
be discussed later.

Eight-port spin-wave reservoir chips were fabricated to
enhance the performance of the four-port reservoir, as
depicted in Fig. 3(a). The reservoir was fabricated using
the Ar ion milling method into a rectangular shape with
a width (w) of 90 μm and a length (l) of 120 μm. Each
slit measures 5 μm in width and 5 μm in length. The eight
antennas were positioned off-center to amplify the non-
linearity caused by interference slits, while varying the
distances between the eight antennas aimed to increase the
features of the measured spin-wave envelope. The eight
antennas were connected to a real-time oscilloscope via
rf switches to maintain a maximum 40 GS/s sampling

rate. The group velocity vg of the MSSW in this device
can be derived by differentiating the MSSW dispersion
with respect to wavenumber k. Using the film thickness
d = 300 nm and wavenumber k = 0.37 μm−1, we obtain
vg = 47.3 km/s at an external magnetic field of 10 Oe and
vg = 46.8 km/s at 20 Oe. The propagation distances for
each antenna are 10 μm, 17 μm, 25 μm, and 33 μm, starting
from the input antenna. Consequently, it is observed that
the spin waves detected by the closest and farthest anten-
nas exhibit a time difference of approximately 0.65 ns. This
corresponds to about 0.8 steps of the input signal from the
random bit sequence. The STM and PC tasks followed the
same scheme as the four-port spin-wave reservoir. Figure 3
shows the evaluations of the STM and PC tasks for the
eight-port spin-wave reservoir chip. As shown in Figs.
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3(b)–3(d), the correlation r2(τ ) shown in red was greatly
improved for all the datasets and remained strong through-
out all of the 15 steps; especially, at CSTM = 8.851 for the
virtual node dataset. As shown in Figs. 3(e)–3(g), the CPC
of the eight-port reservoir shown in red exceeds that of the
four-port reservoir displayed in green, with a minor differ-
ence of less than 0.1 that indicates that the fundamental
nonlinearity remains unchanged. However, the extracted
features of the envelope were enhanced by positioning the
eight antennas off-center.

Finally, it is important to discuss the performance of
CSTM and CPC. In Figs. 4(a) and 4(b), the reported val-
ues of CSTM and CPC were summarized [38–42]. However,
it is crucial to note that the reported values of CSTM
and CPC in the reference papers are calculated by sum-
ming from delay step τ = 1, whereas we sum from delay
step τ = 0. When comparing, it is necessary to adjust the
method of summation to account for taking the sum from
delay step τ = 0 instead of delay step τ = 1, which pro-
vides the appropriate values for comparison. For CSTM at
delay step τ = 0, which is 1, it corresponds to the oper-
ation of subtracting or adding 1. In the evaluation of the
physical reservoir, two independent performances, namely,
hardware and software (computation) performance, are
important. Previous reports used the sophisticated com-
putational technique of the virtual node method, which
effectively increased the performance of CSTM and CPC,
as shown in Figs. 4(a) and 4(b). Within the scope of this
study, we have concentrated solely on evaluating the per-
formance of the physical hardware (device) itself. While
increasing the number of virtual nodes (nvirtual) is theoreti-
cally possible by dedicating more time to experiments, this
approach comes at the expense of increased computational
costs and a subsequent decline in the performance of high-
speed processing for real-time series signals. The usage of
virtual obscures the evaluation of the true performance of
the physical reservoir layer. As evident from our experi-
ments, increasing the number of real nodes nreal improves
the accuracy of feature acquisition without causing a rise
in computational costs. Moreover, from the perspective of
constructing a multi-input, multi-output physical reservoir,
the value of nreal is crucial. It is then scientifically appropri-
ate to define the performance indexes PSTM

reservoir and PPC
reservoir

for a comparison, which are given by

PSTM
reservoir = CSTM

nreal

nall
, (5)

PPC
reservoir = CPC

nreal

nall
, (6)

where nall = nreal + nvirtual. When nvirtual = 0, Eqs. (5) and
(6) simply indicate PSTM

reservoir = CSTM and PPC
reservoir = CPC,

since nall = nreal, making them quite fair indexes. Figure 4
shows the experimentally reported PSTM

reservoir and PPC
reservoir in

relation to the scale of physical reservoir device. As clearly

depicted in Fig. 4(c), the case of the highest performance of
CSTM (nreal= 8, nall = 16) with a value of 8.851 in this study
exhibits a degradation in PSTM

reservoir compared with the cases
of CSTM (nreal = 4, nall = 4) and CSTM (nreal = 8, nall = 8).
As shown in Figs. 4(c) and 4(d), the performance of both
PSTM

reservoir and PPC
reservoir in all cases studied here exceeds

that of previous physical reservoirs. This indicates that the
spin-wave reservoir offers advantages, such as the absence
of wiring in the reservoir layer and scalability.

III. CONCLUSION

The experimental demonstration of the spin-wave reser-
voir chip utilized ferromagnetic permalloy thin films. We
designed a spin-wave reservoir device capable of interfer-
ing with three spherical wave-excited surface mode spin
waves in a rectangular waveguide via slits. Results from
the spin-wave propagation experiment showed that elec-
trical signals of surface mode spin waves were detectable
at all four observation antennas. It was confirmed that
the device functions as a one-input, four-output reser-
voir device capable of performing external magnetic field
estimation tasks without using the virtual node method.
Findings from the short-term memory task indicated that
the device retains sufficient memory up to one step prior.
Moreover, results from the parity-check task validated that
spin-wave interference caused by slits effectively increases
nonlinearity. The addition of detection antennas confirmed
an improvement in learning accuracy resulting from higher
dimensionality and increased short-term memory due to
time differences in the signals detected from each antenna,
which led to a significant enhancement in learning accu-
racy in the short-term memory task. Despite the anticipated
improvement in learning accuracy through enhanced fea-
ture extraction due to antenna asymmetry, only marginal
gains were observed in the parity-check task. This lim-
ited performance can be attributed to the inherent linear-
ity of the system under low driving (excitation) energy,
which is insufficient for the highly nonlinear transforma-
tion required by a parity check. The results of both the
parity-check and short-term memory tasks obtained in this
study outperform the performance of the other physical
reservoirs reported to date. This indicates a step closer
to practical implementation, with the potential for further
extension.

The data supporting the findings of this study are
available from the corresponding author upon reasonable
request.
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APPENDIX A

Gradient descent method for field estimation

From the time-series data, we extracted 20 data points
from the experimental data and stored the data in array y .
Here, y = (yport1, yport2 . . . , yport4)

T and its dimensions are
4 × 20. To estimate a hidden variable of y , such as the
external magnetic field H ext, we associate the scalar d̄ =
(1/20)

∑
f (Wouty − θ) with H ext in the training process

and determine the weight matrix Wout until it minimizes the
difference between targeted z and trained values d̄. Using
the error function E = 1/2||(z − d̄)||2, the weight matrix
is updated according to Ŵ

out = Wout − η∂E/∂Wout. In the
final testing procedure, using the prefixed weight matrix
Ŵ

out
, the input values were predicted [11].

APPENDIX B

Ridge regression method

For the time-series data, we extracted the n-step data
from the experimental data and stored the data in the array
y(n). Here, y(n) = (yport1(n), yport2(n) . . . yport8(n))T. Dur-
ing the training process, we defined the answer array as
d(n) = (d1(n), d2(n) . . . d8(n))T. During the training pro-
cess, we determined the weight matrix Ŵ

out
that connects

y(n) and d(n) as Ŵ
out = dyT(yyT + λI )−1. In the final

testing procedure, using the prefixed weight matrix Ŵ
out

,
the input values were predicted as z = Ŵ

out
y [36,43]. The

dimensions of z, Ŵ
out

, and y are 1 × n, 1 × 8, and 8 × n,
respectively.

APPENDIX C

Effect of Huygens slits

Figure 5(a) shows the MUMAX3 simulation results for
the magnetization of a four-port spin-wave reservoir [sim-
ulation method was described in Appendix D] [44]. The
external magnetic field 10 Oe was applied parallel to the
y-axis. Before launching the microwave current, magnetic
domain walls are observed near the Huygens slits. On
input of a 0.8-ns pulse current I in, we obtained the time

(a) (b)

(c) (d)

Excitation antennaExcitation antenna

Excitation antenna Excitation antenna

FIG. 5 Simulation of spin-wave propagation with Huygens slits. (a) Magnetization geometry of the four-port spin-wave reservoir
with two Huygens slits. The dashed lines indicate the position of the excitation antenna. (b) Temporal evolution of magnetization in
the Py reservoir. (c) Magnetization geometry of the eight-port spin-wave reservoir with two Huygens slits. The dashed lines indicate
the position of the excitation antenna. (d) Temporal evolution of magnetization in the Py reservoir.
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evaluation magnetization in the Py reservoir, as shown in
Fig. 5(b). Overall, the wave fronts exhibit a spherical wave
pattern. However, within the region containing the mag-
netic domain wall, a fine wave front pattern with distinct
phases emerges. Note that the wave front of the spin wave
becomes different from a simple plane wave. This observa-
tion of seemingly nonlinear behavior arises from separate
measurements at multiple antenna positions. In the case
of the eight-port configuration, a similar formation of a
magnetic domain wall is observed, as shown in Fig. 5(c),
along with the generation of distinct wave fronts within
this region [Fig. 5(d)].

APPENDIX D

Micromagnetic simulations are performed by numeri-
cally solving the Landau–Lifshitz–Gilbert equation, given
by ∂m/∂t = –γ gµ0m × H eff + αGm × ∂m/∂t, where m rep-
resents the unit vector of magnetization, H eff denotes
the effective magnetic field including exchange, magne-
tostatic, and external field contributions, and αG is the
Gilbert damping constant. The simulations utilize the fol-
lowing parameters. For the four- and eight-port spin-wave
reservoirs, the dimensions are 80 μm × 40 μm × 300 nm
and 120 μm × 90 μm × 300 nm, respectively. The unit
cell dimensions are set at 50 nm × 50 nm × 300 nm,
and the remaining parameters include the Gilbert damp-
ing constant αG = 0.01, the exchange stiffness constant
Aexch= 1.6 × 10−11 J/m, and the saturation magnetization
Ms = 830 × 103 A/m.
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