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Abstract

Physical reservoir computing is a promising approach to realize high-performance artificial
intelligence systems utilizing physical devices. Recently, it has been experimentally found that
nonlinear interfered spin wave multi-detection shows excellent performance for processing nonlinear
time-series data due to its outstanding features: nonlinearity, short-term memory, and the ability to
map in high dimensional space. However, said performance is considerably inferior to reservoir
computing utilizing an optical circuit with a large volume. Herein, we develop reservoir computing
with nonlinear interfered spin wave coupled with light switching, namely opto-magnonic reservoir
computing. The spin wave was modulated through a crystal field transition that occurred in two
different Fe** sites of Y3FesOi» by visible light switching, and it was found that the spin wave
modulated by visible light switching dramatically reduced normalized mean square errors to 4.96 x
1073, 0.163, and 3.66 x 10 for NARMA2, NARMAI10, and second-order nonlinear dynamical
equation tasks. Said excellent performance results from the strong nonlinearity caused by chaos and

large memory capacity induced by reservoir states diversified by visible light switching.

1. Introduction

Reservoir computing is attracting attention as next-generation neuromorphic computing due to its
lower computation cost and real-time operation for time-series data processing[[1],[2],[3]]. This is
because the number of learning parameters in the reservoir computing model is much fewer than in a
conventional deep learning model with a number of parameters. This advantage of reservoir computing

arises from three key features: nonlinear transformation, the ability to map time-series data in higher
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dimensional space, and short-term memory[4]. In recent years, physical reservoir computing, which
is the reservoir computing utilizing a physical device as a reservoir, has been energetically studied to
reduce information traffic on the network since processing data by physical reservoirs that can run on
the terminal reduces the amount of extra data circulating on the network[[5]-[41]]. Candidates of such
physical reservoirs are various devices, such as electrical circuits, electrochemical elements, spintronic
devices, optical devices, robotic systems, ion-gating devices, and so on[[5]-[41]]. However, fatal
issues of large electric power consumption, large dimensions, and slow operation speed are remained.

To overcome these issues, we reported that a nonlinear interfered spin wave muti-detection
reservoir utilizing Y3FesO12 (YIG) single crystal exhibits high computational performance for time-
series data processing tasks [26]. This reservoir has some advantages: First, the spin wave reservoir
can process the time-series data at a high operation speed corresponding to an optical circuit[26].
Second, spin wave propagation does not generate Joule heat. Third, a magnetic material has the
advantage of miniaturization. In the previous study, this scheme was found to improve both
nonlinearity due to spin wave interference and high dimensionality due to multi-detection of spin
waves, compared with conventional spin wave reservoirs without both interference and multi-
detection [26]. However, there is still room for improving computational performance. Reservoir
computing utilizing spin wave interference has been attempted to improve performance by utilizing
different physical conditions and arranging magnetic domain structures and signal detectors in some
numerical studies[[18],[19],[20],[21]]. However, experimental demonstrations to improve
computational performance have not yet been investigated. Utilizing spin wave manipulated by any
external inputs is one of the effective methods to realize different physical conditions of magnetic
material and to implement a practical physical reservoir with high computational performance and
small volume.

In this study, we developed a high-performance reservoir computing device using the
nonlinear interfered spin wave multi-detection coupled with light irradiation to realize different
physical conditions. This is the first experimental study about an application of interaction between
nonlinear interfered spin wave and visible light irradiation to the physical reservoir computing to
improve the expression power of the reservoir through introducing multiple reservoirs with reservoir
states varied by spin wave manipulation. A ferrimagnetic insulator YIG single crystal was used as a
functional spin waveguide in this study since it is known that visible light irradiation changes the spin
configuration of the YIG from the ground state to the excitation state. It can be expected that this
change may affect spin wave property through modulated saturation magnetization and magnetic
anisotropy[[42],[43],[44]]. Thus, the presence or absence of visible light irradiation (i.e., visible light
switching) can be used to improve the ability to map time series data in higher dimensional space of
reservoir since spin wave variation modulated by the irradiation in a single magnetic material can be

dealt as virtually multiplied reservoir.
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2. Experimental methods

2.1. Fabrication of a device for reservoir computing utilizing interfered spin wave

A side polished YIG single crystal with 111 orientation was supplied by MTI Co. (USA). The diameter
and thickness of the single crystal were 5 mm and 0.5 mm, respectively. Coplanar waveguides
comprised a 10 um wide signal line and two 20 pm wide ground lines. 10 nm-thick Ti and 90 nm-
thick Au were continuously deposited by electron beam evaporator. The distance between the edges
of the antennas was 30 um. The previous work describes the details of the device and the characteristic

dimensions of the device[26].

2.2. Experimental setup for spin wave detection

All experiments were performed in a high-frequency signal measurement system, consisting
of rf probes and an electromagnet, which was made by Toei Scientific Industrial Co., Ltd. An external
magnetic field was applied perpendicular to the sample surface. The sample was kept at 295 = 1 K.
The exciters and detectors shown in Fig. 1(a) were connected, through rf probes, to an arbitrary
waveform generator and a mixed signal digital oscilloscope, respectively. Pulse voltage was input to
the exciter to excite the spin waves. Rise and fall times and the pulse-on time were 320 ps. The input
and output signals were amplified to 30 dB and 38 dB, respectively. To avoid detection of excess spin
waves excited by previous sequences, long 4 ps intervals were inserted between each sequence. An
average of 500 waveforms were taken to improve the signal-to-noise ratio (S/N). A solar simulator,
HAL-320 (Asahi Spectra Co.), was used as a light source to irradiate visible light. The spectrum of
the light source was shown in Fig. 1(c). Measurements under the conditions with visible light
irradiation (‘Light’ state) and without visible light irradiation (‘Dark’ state) were performed separately.

The light is completely blocked except for the light source used.

2.3. Nonlinear time series data prediction task

The subject reservoir computing system was trained and tested with a random waveform to
predict the output from a NARMA model. To input to a reservoir computing system, the original
random waveform u(k) = [0,0.5], with a time step of 5000, is transformed to pulsed waveforms with
rise and fall times of 360 ps, a pulse-on time of 0 ps, and various intervals of 2 ns — 20 ns. Pulsed
waveforms, with a maximum value of 400 mV, are applied to Exciter A and/or Exciter B. The voltages
induced by a spin wave, which reaches each detector, are acquired by an oscilloscope, and 50 virtual
nodes per detector are from each induced voltage. 50 reservoir states (w/o multi-detection) or 100
reservoir states (with multi-detection) are obtained from 1D input u(k) transformed nonlinearly by the
reservoir as the conditions ‘Light’ and ‘Dark’. 25 reservoir states (w/o multi-detection) or 50 reservoir

states (with multi-detection) are obtained from the input u(k) transformed nonlinearly by the reservoir
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on the conditions ‘Light’ and ‘Dark’ and combined to make 50 reservoir states (w/o multi-detection)
or 100 reservoir states (with multi-detection) as the condition ‘Mix’. Time steps are separated into
training phases with a time step of 3500 and test phases with a time step of 500 after the first time step
of 1000 is discarded.

2.4. Micromagnetic simulation

We performed a theoretical simulation using a Mumax3 micromagnetic simulator[45]. YIG with 380
pm x 90 um x 0.12 um is used to investigate the spin dynamics near a surface region in the vicinity
of an antenna. The two exciters used is consisted of a signal line (10 um x 90 pm x 0.12 pm) and two
ground lines (20 pm x 90 pm x 0.12 um). The detection areas of the two detectors are 10 pm x 90 pm
x 0.12 pum, which corresponds to the signal lines of the detectors. The mesh was cubic, measuring 40
nm x 40 nm x 40 nm along the Cartesian coordinates defined by the origin at the center of the surface
plane on the YIG. A spin was located at every mesh corner. The simulation time step was 10 ps. To
simulate spin wave property variation at various conditions, these material parameters were set to
various values corresponding to the experimental result of magnetization measurement. A cubic
magneto-crystalline anisotropy of 0.0, an exchange stiffness constant of 3.7 pJ/m, and a damping
constant of 1 x 10, A static magnetic field of 0.3 T is applied along the z-axis (i.e., perpendicular to
the YIG surface) over the entire region. A maximum excitation field with a rectangular shape-pulse is
set at 80 mT, which is estimated from a simulation result shown in the literature[46], along the y-axis
at the exciters applied in the exciter. The field vectors at the signal and ground lines are positive and

negative since electric current flows in the opposite direction.

3. Results and Discussion

3.1. Spin wave modulation by visible light irradiation

Four coplanar waveguides for two input (Exciter A and Exciter B) and two output (Detector A and
Detector B) antennas were deposited on (111) of the YIG single crystal substrate. Two input antennas
and two output antennas are connected to an arbitrary waveform generator and an oscilloscope,
respectively, as shown in Fig. 1(a). A vector network analyzer is used for the transmission
characteristic of the spin wave from Exciter A (Ex. A) to Detector A (Det. A). Visible light irradiation
is switched to 'On’ (‘Light’) and ‘Off” (‘Dark’) states. Details of measurement configuration are
described in the Methods section. Fig. 1(b) shows a cross-sectional transmission electron microscope
(TEM) image and a selected area electron diffraction (SAED) of the YIG single crystal. It was
confirmed that YIG shows highly crystalline along 111 in out-of-plane and in-plane directions. Lattice
constants along [001] and [110] measured from SAED were 1.2715 nm and 1.7762 nm, which are in

good agreement with the reported values[47]. A light source of visible light irradiation used in this
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study has a broad spectrum ranging from 1 to 4 e V, as shown in Fig. 1(c). YIG possesses two Fe sites
located at the centers of oxygen octahedrons and tetrahedrons in the crystal, and it is known that the
Fe sites emerging crystal field transition are different depending on the incident energy[[42],[43],[44].
A reflectance spectrum reflects the information about Fe** crystal field transition in a YIG, and a
measured spectrum is shown in the lower panel of Fig. 1(c). The feature at the region above 2 eV is in
good agreement with reported spectra, which indicate °A; (high spin) — T (low spin) tetrahedral
Fe’* crystal field transition[[42],[44]]. Also, an increment tendency observed at the region above ~3
eV and absorption edges at the ~2.8, ~3.4, and ~4.5 eV in the absorption spectrum are in good
agreement with the reported one, showing charge transfer excitation from 2p — 3d[44]. However, no
information was obtained in lower energy regions below 2.0 eV since the significant structure was not
confirmed in a reflectance measurement. Thus, we measured a transmittance spectrum to obtain an
absorption spectrum at the lower energy region. From this measurement, the peak indicating A1, (high
spin) — T (low spin) octahedral Fe** crystal field transition was found at 1.4 eV[42]. Thus, a used
light source occurs the crystal field transition in two different Fe** sites of YIG, and spin wave property
is modulated by visible light switching through magnetization and/or magnetic anisotropy, which are
sensitive to spin configuration near fermi energy. Figure 1(d) shows the spin wave signal at the time
domain under the 'Light’ and ‘Dark’ conditions. Pulse signal with pulse width, rise, and fall times of
320 ps is input to Ex. A and spin wave signal is detected at Det. A. It was found that the waveform is
changed by visible light irradiation at the entire time domain, and the maximum difference between
the two signals is approximately 8 mV. Visible light contributes to only spin wave modulation since
the amplitude at the gray region, which indicates crosstalk induced by pulsed input, is not changed.
This modulation can be found in waveforms at various input voltage and magnetic field conditions, as
shown in Fig. 1(e). The difference between two waveforms under ‘Light’ and ‘Dark’ is larger at higher
input voltage compared to lower input voltage. If the phases of two waveforms do not match, the
difference between those looks larger since the difference is calculated from the normalized area of
the subtraction of two waveforms. To reveal the origin of modulation by visible light irradiation, we
measured the magnetic field dependence of spin wave resonance frequency under two conditions (i.e.,
‘Light’ and ‘Dark’). The spin wave frequency, under the application of a perpendicular magnetic field,

is described as follows;

_ 1 1—ewd
f=v (H—Ha){(H—Ha)‘l'Ms( _T>} (D),

where f, y, H, Ha, Ms, w, and d are frequency, gyromagnetic ratio, applied external field, magnetic

anisotropy field, saturation magnetization, wavenumber of spin wave, and YIG thickness, respectively.
Here, y and Ms were set at 2.8 MHz/Oe and 1984 Gauss[26], which were obtained from the

magnetization measurement, at the dark condition. Transmitted spin wave signals under two
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conditions are shown as white lines in Figs. 1(f) and (g), while some horizontal lines do not result
from spin waves but from background signals from the measurement circuit. Fitting results for M and
H, are summarized in Fig. 1(h). Ms of 1984 Gauss and H, of 147.8 mT under the condition ‘Dark’ was
reduced to 1846.3 Gauss and 142.6 mT, respectively, by light irradiation. These modulations result
from a change in the spin configuration of the Fe site in YIG, as discussed in Fig. 1(c). Visible light
irradiation leads to a transition from the ground high spin state (S = 5/2) to the excitation low spin state
(8= 3/2), where S denotes the spin angular momentum of the Fe ion[42]. This transition is selectively
induced by two wavelength regions: the shorter wavelength region (400 -700 nm) and longer
wavelength region (800 — 1000 nm) affect Fe*" ions at the center of tetrahedron and octahedron,
respectively[42]. Both transitions occurred in the case of visible light irradiation utilized in this study
and led to a reduction of Ms. Also, H, was reduced by spin-orbit interaction with spin state transition.
These magnetic property variation affects spin wave frequency, as described in Eq. (1). Figure 1(i)
shows spin wave transmission spectra measured under the conditions ‘Dark’ and ‘Light’. It was found
that spin wave frequency was shifted to 17.6 MHz higher frequency region by the light switching from
‘Dark’ to ‘Light’. This shift results from an increase in the effective magnetic field (H—H,) with a
decrease in H,. Here, it was confirmed that there was only a little temperature change with a slight
slope of approximately 3.6 °C/2500 seconds on the YIG surface by monitoring the temperature with
a thermocouple, as shown in Fig. 1(j). According to the literature, the magnetization of YIG gently
decreases 0.12 %-up/°C, where ug denotes Bohr magneton, by heating near room temperature[48].
The rate of magnetization changed by light switching in our study was approximately -7 %, which is
equivalent to quite a large temperature variation to as high as 58 °C by assuming the heating-induced
magnetization variation mechanism. As the assumption is completely inconsistent with the quite small
temperature variation of 3.6 °C observed in the experiment, the spin wave modulation discussed above

did not result from any heat effect but from a light switching.
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Fig. 1. (a) measurement configuration of an opto-magnonic device. An arbitrary waveform generator is
connected to Exciter A (Ex. A) and Exciter B (Ex. B). A vector network analyzer is connected to Ex. A and
Detector A (Det. A). An oscilloscope is connected to Det. A and Detector B (Det. B). (b) TEM image of a
cross-section of the YsFesO12 (YIG) single crystal and its selected area electron diffraction image. (c) (upper)
spectrum of a light source and (lower) reflectance and absorption spectra of the YIG single crystal. (d)
(upper) spin wave signals at the time domain under the conditions with light off ('Dark’) and light on ('Light’)
and (lower) subtraction between two spin wave signals shown in the upper panel. (e) Intensity change of
amplitude of difference between spin wave signals under the conditions with light off and light on. (f) Magnetic
field dependence of spin wave frequency under the condition of 'Dark’. (g) Magnetic field dependence of
spin wave frequency under the condition of 'Light'. (h) Saturated magnetization Ms and anisotropic magnetic
field H, variations of the YIG single crystal at various conditions ‘Dark’ and ‘Light’. (i) Spin wave transmission

7
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spectra at 190 mT under the conditions ‘Dark’ (red solid line) and ‘Light’ (blue solid line). (j) Time dependence
of surface temperature on the YIG single crystal. Temperature was measured as electromotive force using

a K thermocouple attached to the surface.

3.2. Reservoir computing with opto-magnonic reservoir device

Figure 2(a) shows the schematic concept of physical reservoir computing utilizing spin wave and
visible light switching. Although the basic concept is similar to nonlinear interfered spin wave multi-
detection in the previous study[26], this study has a unique feature in that two reservoirs are virtually
generated by two conditions (i.e., light and dark). Figure 2(b) shows the spin wave response, which is
detected at Detector A, at first and second time step & (i.e., k=1 and k£ =2) when a random pulsed train
was inputted under the conditions of ‘Light’ and ‘Dark’. Colored plots denote the value of each node,
and it can be seen that these values are changed by visible light irradiation. This result contributes to
the improvement of the variety of reservoir states. Figure 2(c) shows the spin wave response, which
is detected at Detector B, at £ =1 and k = 2 when the random pulsed train was inputted under the
conditions of ‘Light’ and ‘Dark’. By comparison with Figs. 2(b) and (c), one can see that the detecting
position changes the spin wave signal, and this difference improves the expression power of the
reservoir, as reported in the previous study[26]. Spin wave signals detected at Detector B are also
sensitive to irradiation. Therefore, in addition to spin wave multi-detection, visible light switching also
significantly improves the high dimensionality of the reservoir. To obtain the node state variation at
various time steps &, 50 nodes per k are taken from each detected signal. Figures 2(d) and (e) show 50
node states obtained from Det. A and Det. B at the condition under light and dark, respectively. The
multi-detection and visible light switching give variation to the reservoir state. Here, we combine these
node states as follows: (i) three reservoir states with 50 node states taken from Det. A at the conditions
under ‘Light’, ‘Dark’, and ‘Mix’, which is condition mixing ‘Light’ and ‘Dark’. Here, the reservoir
state at the condition under ‘Mix’ is generated by taking 50 nodes from Det. A at the conditions under
‘Light’ (25 nodes) and ‘Dark’ (25 nodes). (ii) three reservoir states with 100 nodes taken from Det. A
and Det. B at the conditions under ‘Light’, ‘Dark’, and ‘Mix’. Here, the reservoir state with 100 nodes
taken from Det. A at the condition under ‘Light’ (25 nodes) and ‘Dark’ (25 nodes) and Det. B at the
condition under ‘Light’ (25 nodes) and ‘Dark’ (25 nodes). Figure 2(f) shows the schematic process
flow for time series data processing tasks so as to evaluate the nonlinear transform function of a
reservoir system. Here, the second-order nonlinear dynamic equation task and nonlinear
autoregressive moving average (NARMA) task are adopted for the evaluation[7,13,26,37,38]. In the
case of a second-order nonlinear dynamical equation task, a random wave is input to a second-order
nonlinear dynamical system in solving a second-order nonlinear dynamical equation task. The output

d(k) from this dynamical system at & is described as follows;
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d(k) = 0.4d(k — 1) + 0.4d(k — 1)d(k — 2) + 0.6u3(k) + 0.1. 2
d(k) depends not only on the current input u(k) but also on the past two states d(k-1) and d(k-2) at
discrete times -1 and £-2. The second term on the right-hand side of the equation is the cross term
that makes it a second-order nonlinear system. In the case of the NARMA task, a random wave is input
to a NARMA?2 and NARMA10, which require short-term memory from the previous 2 and 10 steps,
respectively, as defined below[49];
d(k +1) = 0.4d(k) + 0.4d(k)d(k — 1) + 0.6u3(k) + 0.1 3)
and
d(k +1) = 0.3d(k) + 0.05d(k) ¥2,_,d(k —m) + 1.5u(k)u(k — 9) + 0.1. 4
Before input to the reservoir system, the original random wave is processed to the pulsed signal at
intervals of 2, 5, 10, 15, and 20 ns as pre-processing. Each input of these signals is sent to a reservoir
computing system to which perpendicular magnetic fields of 172, 180, 186, 200, and 250 mT are being
applied. 100 node states of the reservoir are generated by the means described above. A reservoir
output y(k) is described below;
y(k) = S WX (k) + b, (5)
Here, n and b are the total number of nodes and a bias term, respectively[26,37,38]. W; is optimized
by ridge regression as training for the system to minimize the difference between the target waveform
output d(k) from the theoretical model and the reservoir output y(k)[26]. To compare the performance
of the reservoir system with that of other systems, a normalized mean square error (NMSE) is

introduced as follows,

(d(k) =y (K))?
NMSE = y7_ -2l
Zk—l (d(k))z (6)

Here, T is the length of the training phase (7= 3500) or test phase (7= 500). NMSE for NARMA tasks

is described as follows;

_ Iroi(d) -y (K))?

NMSEvaI‘ - Z};_l(d(k)—dave)z (7)

where dave. is the time average of d(k).
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'Dark’. (Lower) A cropped input random waveform. The gray region is the crosstalk region induced by input
pulse voltage. (c) (Upper) A cropped signal detected at Detector B under the condition 'Light’. (Lower) A
cropped signal detected at Detector B under the condition 'Dark’. Light green, light blue, black, and purple
squares denote node states of Xan+1(k), Xan+2(k), Xan+3(k), and Xan+4(k) taken from the detected signal. (d)
Node states of Xi(k), Xzs(k), X26(k), and Xso(k) under the condition ‘Light’. Xi(k) to X2s(k) and X2e(k) to Xso(k)
are taken from signals detected at Detector A and Detector B, respectively. (e) Node states of Xs1(k), X7s(k),
X7s(k), and Xioo(k) taken from signal measured under the condition ‘Dark’. Xs1(k) to X7s(k) and X7s(k) to
Xioo(k) are taken from signals detected at Detector A and Detector B, respectively. (f) General concept
process flow diagram of a time-series data processing task using a reservoir computing system with the

opto-magnonic device.

3.3. Evaluation of the physical reservoir performance for time-series data prediction tasks

Figure 3(a) shows the comparison of target and prediction waveforms from the second-order nonlinear
system and reservoir system, respectively, in the test phase. An output waveform of the physical
reservoir was in good agreement with a target waveform, and the NMSE was 3.66 x 107 Figure 3(b)
shows NMSE changes at various pulse intervals and magnetic fields. NMSE is lower in lower
magnetic fields of 172 ~ 186 mT and at shorter intervals of 5 and 10 ns. This tendency can be seen in
the comparison shown in every three panels for ‘Dark’, ‘Light’, and ‘Mix’. The lowest NMSEs in the
case of ‘Dark’ and ‘Light’ are 5.14 x 107 and 5.86 x 107, respectively. Then, the NMSE changes
drastically in the case of ‘Mix, ' and the lowest NMSE drops to 3.66 x 10, This value is much lower
than the values from any other physical reservoir computing systems that have been reported, in which
the NMSEs of a theoretical reservoir computing system with 24 spin torque oscillators were ~1.31 x
103[13], an experimental reservoir computing system with 90 metal-oxide memristors were ~3.13 x
1075[7], electric double layer and redox-based ion-gating reservoir were 2.1 x 10 and 5.1 x 104[37,38],
and nonlinear interfered spin wave multi-detection was 8.37 x 10~°[26], respectively. Next, NARMA
tasks were performed to evaluate the ability to predict dynamic systems with the short-term memory
of the physical reservoir[5,47]. The compared results of target and prediction waveforms from
NARMAZ2 and NARMA10 systems and reservoir system, respectively, in the test phase, as shown in
Figs. 3(c) and (e). Output waveforms of the physical reservoir were in good agreement with respective
target waveforms and NMSEs,a. were 4.96 x 10 and 0.163 for NARMA2 and NARMA10. Figures
3(d) and (f) show NMSEs.. changes at various intervals and magnetic fields. The condition
dependence of NMSE,,. for NARMA? is in good agreement with NMSE variation for second-order
nonlinear system equation, while the condition dependence of that for NARMA10 differs from those.
For NARMA? task, the NMSE,.. is lower in weaker magnetic fields and at shorter pulse intervals, as

in the second-order nonlinear system equation task. On the other hand, the NMSE,,. is lower in the
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middle magnetic field of 180 and 186 mT and at relatively longer pulse intervals of 15 ns and 20 ns
for the NARMA 10 task. This result shows that the conditions for tasks that require mainly nonlinearity
and short-term memory, which can be optimized by magnetic field and pulse interval[26]. Furthermore,
it was found that visible light irradiation deteriorates the performance, meaning that the NMSEya,.
under the condition ‘Light’ is larger than that under the condition ‘Dark’, in the case of utilizing the
reservoir under only one condition. This experimental fact may result from the fact that spin
configuration modulation induced by the optical effect shown in Fig. 1(c) contributes to the change of
nonlinearity and/or short-term memory of the reservoir. In any case, the NMSEs.,.. in both tasks were
reduced by adopting the condition ‘Mix’, and the lowest NMSE,,: reaches to 4.96x 10~ for NARMA?2
and 0.163 for NARMA10. Updated benchmarks for NARMA2 and NARMA10 are summarized in
Figs. 3(g) and (h), respectively. The reservoir performance for NARMA?2 is the best in physical
reservoir devices. The performance for NARMA10 is superior to most experimental reservoir devices
reported to date[[27],[30],[31],[32],[39],[41]], except for some reservoir devices with larger device
volumes[[5],[6],[33],[34]], and improving the performance of the reservoir device utilizing nonlinear

interfered spin wave multi-detection was succeeded by adopting visible light switching.
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Fig. 3. (a) Compared result of outputs from the opto-magnonic reservoir and a second-order nonlinear

system at the testing phase. The black dashed and blue solid lines denote the target waveform and prediction

results, respectively. (b) NMSE variation for prediction of a second-order nonlinear system at various

magnetic fields and pulse intervals. (left) Multi-detection with interference under the condition ‘Dark’. (middle)

Multi-detection with interference under the condition ‘Light’. (right) Multi-detection with interference under

the condition ‘Mix’. (c) Compared results of outputs from the opto-magnonic reservoir and a NARMA2 system

at the testing phase. The black dashed and blue solid lines denote the target waveform and prediction results,
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respectively. (d) NMSE.,... variation for predicting a NARMA2 system at various magnetic fields and pulse
intervals. (left) Multi-detection with interference under the condition ‘Dark’. (middle) Multi-detection with
interference under the condition ‘Light’. (right) Multi-detection with interference under the condition ‘Mix’. (e)
Compared results of outputs from the opto-magnonic reservoir and a NARMA10 system at the testing phase.
The black dashed and blue solid lines denote the target waveform and prediction results, respectively. (f)
NMSE,.. variation for predicting a NARMA10 system at various magnetic fields and pulse intervals. (left)
Multi-detection with interference under the condition ‘Dark’. (middle) Multi-detection with interference under
the condition ‘Light’. (right) Multi-detection with interference under the condition ‘Mix’. (g) Comparison of
NMSEsuar. of various devices on NARMA2 task. The NMSEs.ar. of a spin torque oscillator[14], soft body[35],
redox-ion gating reservoir (IGR)[38], diode circuit[10], electrochemical cell[9], carbon nanotube (CNT)
network[11], electric double layer (EDL)-IGR[37], optoelectronic system[50], and nonlinear interfered spin
wave multi-detection[26] are also shown. (h) Comparison of NMSEs,. of various devices on NARMA10 task.
The NMSEs.a.. of anisotropic magnetoresistance (AMR) ring array[27], optical circuits[[30],[31],[32]], micro
electromechanical system (MEMS)[39], super paramagnet[41], nonlinear interfered spin wave multi-

detection[26] are also shown.

3.4. Short-term memory evaluation of the physical reservoir

To evaluate a short-term memory property of the reservoir device, we performed a short-
term memory task that measures how the system can reconstruct past input data as current output[26].
The square of the correlation coefficient r (i.e., determination coefficient 7%) between the ideal targets

and the model predictions is determined by utilizing the relationship described as follows:

Cov(u(k—1),y(k,1))?
Var(u(k—1))Var(y(k))’

r2(r) =

®)

Here, Cov(A, B) is the covariance between vectors A and B, and Var(A) = Cov(A, A), and u(k-7)
denotes a time series data delayed time step of k. 7 takes values between 0 and 1, where the value of
1 indicates perfect replication of the targets. The short-term memory capacity Cstw is then calculated
by taking the sum of 7*(t) over the range of delays. Cstw is defined as follows,
Cstm = 22172 (7). ©)

Figure 4(a) shows step delay 7 dependence of determination coefficient 7*(7) (i.e., forgetting curves)
at three conditions of ‘Dark’, ‘Light’, and ‘Mix’. The ability for prediction decreases as the step delay
rincreases. 7 at the intersection of the forgetting curve and the dashed line with 1*(7) of 0.5 becomes
larger for ‘Dark’, ‘Light’, and ‘Mix’, in that order. The reservoir with each condition ‘Dark’, ‘Light’,
and ‘Mix’ can reproduce the state at past 26, 28, and 31 steps, respectively, and it was found that the
short-term memory property that the physical device possesses is enough to predict NARMA 10, which

requires the past state below 10. This result is a reason why this reservoir can precisely predict
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NARMA10. Memory capacity (MC) is an indicator for short-term memory evaluation. The reservoir
has a good short-term memory when MC shows a large value. MC is defined as the area under the
forgetting curves, as summarized in Fig. 4(b), and the short-term memory is enhanced with increasing
MC. MC improves at the region above a magnetic field of 180 mT and an interval length of 10 ns
under all three conditions. MC of the best condition for NARMA 10 are 24.01 for ‘Dark’, 28.01 for
‘Light’, and 32.08 for ‘Mix’. However, there is no relationship between MC and NMSE,,. for
NARMA10. While the largest MC for ‘Mix’ leads obviously to the reduction of NMSEy., NMSEyar.
of 0.164 at 'Dark' with a relatively small MC of 24.01 close to that of 0.163 at 'Mix'. Thus, although it
was found that visible light irradiation leads to MC enhancement in this short-term memory evaluation,
the origin of high prediction performance cannot be explained solely on the basis of MC. Therefore,

we investigated another important property: nonlinearity, as discussed in the following section.

(@) (b

~
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Fig. 4. (a) Forgetting curve described by determination coefficient r? variation at step delay t. Light green,
blue, and red lines denote the forgetting curve of the reservoir device under the conditions 'Dark’, 'Light’, and
‘Mix’, respectively. A dashed line denotes r? of 0.5. (b) Memory capacity (MC) variations at various magnetic
fields and pulse intervals. Multi-detection with interference under the conditions (left) ‘Dark’, (middle) ‘Light’,

and (right) ‘Mix’.

3.5. Nonlinearity evaluation of the physical reservoir

Nonlinearity is also quite important for the reservoir, as well as short-term memory[[2],[4]-[27],[29]-
[41]]. Lyapunov exponent A is an indicator of the nonlinearity of complex systems, including physical
reservoir[51], and maximum Lyapunov exponents Amax Wwere calculated by the Jacob matrix
method[52] to evaluate the nonlinearity of the reservoir system. Amax is generally used to determine if
the response of a dynamical system is orderly or disorderly (i.e., chaotic); when Amax is negative
(positive), the system is orderly (disorderly). Furthermore, the degree of nonlinearity of the system
improves as Amax increases[26]. Figure 5(a) shows an example of a Lyapunov spectrum analyzed using
the reservoir state at the best condition for NARMA10 of 'Dark’. The Lyapunov exponents show
various values ranging from approximately -2.8 to approximately 1.4. Thus, Amax is 1.39 under this

condition. All Amaxs are summarized in Fig. 5(b). Under both conditions ‘Dark’ and ‘Light’, Amax shows
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a relatively small (large) value at the condition of pulse interval below 10 ns (above 15 ns). Amax at the
best condition for NARMA10 shows 1.39 and 1.04 for ‘Dark’ and ‘Light’, respectively, (i.e., Amax of
‘Dark’ > Amax of ‘Light”). This relation shows that the nonlinearity at the best condition with ‘Dark’ is
stronger than the nonlinearity at the best condition with ‘Light” while MC at the best condition with
‘Dark’ is smaller than MC at the best condition with ‘Light’. Since short-term memory under both
conditions is enough for the NARMAT10 prediction task, as mentioned already, the smaller NMSEya,,
of ‘Dark’ results from stronger nonlinearity than those of ‘Light’. On ‘Mix’, although Amax shows a
relatively small value at a pulse interval of 15 ns as in cases of ‘Dark’ and ‘Light’, Amax shows a large
value at the interval of 15 ns, and Amax at the best condition for NARMAT1O0 is 4.09. In addition to a
large MC of 32.08, this strong nonlinearity contributes to realizing the smallest NMSEq.. of 0.163.
Thus, the condition 'Mix', which is realized by visible light switching, breaks the trade-off relation
between nonlinearity and MC. Figure 5(c) shows the return map of X, and the phase portrait of Xi»
vs. X7 under the best condition of the second-order nonlinear equation task. Both portraits show
characteristic trajectories with different shapes for each period, as shown in Fig. 5(d), meaning that
those trajectories are aperiodic. Thus, this trajectory proves strong nonlinearity (i.e., chaos) of the
reservoir exhibiting positive Amax. Figures 5(¢) and (f) show NMSE and NMSE,.. variations for the
second-order nonlinear system and NARMA? at various MC and Amax. NMSE and NMSE,.. at MC >
15 and Amax < 1 are especially lower, and the distribution of NMSE is similar to that of NMSEa.. due
to similar required properties for these tasks. The lowest NMSE is at Amax near 1. The distribution of
NMSE.: for NARMAT10 differs from those for other tasks[26]; the NMSE,.; mainly depends on MC,
as shown in Figs. 5(i) and (j). The tendency that NMSE,.: reduces as MC increases shows NARMA10
strongly requires short-term memory property since this MC dependence of NMSE... holds for all
Amax.
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Fig. 5. (a) An example of Lyapunov spectra under the condition ‘Dark’, magnetic field of 186 mT, and pulse

interval of 15 ns. (b) Maximum Lyapunov exponent (Amax) variation at various magnetic fields and pulse

intervals under the conditions (left) ‘Dark’, (middle) ‘Light’, and (right) ‘Mix’. (c) Examples of return map of

Xi2(k+1) versus Xi2(k) and phase portrait of X7(k) and Xi2(k) under the best condition for a second-order
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nonlinear equation task. (d) return maps of Xi2(k+1) versus Xi2(k) from 1st to 5th periods. (€) Amax and MC
dependence of NMSE for a second-order nonlinear equation task. (f) Amax dependence of NMSE. (g) Amax
and MC dependence of NMSE,.. for a NARMAZ2 task. (h) Amax dependence of NMSEya. (i) Amax and MC
dependence of NMSE.. for a NARMA10 task. (j) MC dependence of NMSE.4.

3.6. Micromagnetic simulation of the interfered spin wave with light switching

We performed a micromagnetic simulation of an interfered spin wave propagating under conditions
'Dark’ and 'Light' to reveal the chaotic behavior of the interfered spin wave under the condition ‘Mix’.
The pulse train of the magnetic field with a triangle shape was input to Exciter A and Exciter B to
excite spin waves, and spin wave motion was monitored at the detector position (i.e., Detector A and
Detector B), as shown in Fig. 6(a). The detected spin wave propagating under the condition ‘Light’
differs from that propagating under the condition 'Dark' due to M, and H, modulated by light irradiation.
In addition to this, the detected spin wave motion at Detector A differs from that at Detector B. This
result indicates that the multi-detection of spin waves leads to various signals being acquired and
contributes to the higher dimensionality of the reservoir. As shown in the left and middle panels of Fig.
6(b), phase portraits of X;(k) versus Xa(k) and Xi(k) versus Xa(k) under the condition ‘Dark’ have wide
trajectories. This result indicates that the reservoir state obtained from the simulation result shows an
aperiodic response that differs from period to period, meaning a chaotic state. The behavior of different
trajectories for each period is shown in the right panel of Fig. 6(b). Such trajectories characterized as
chaos were also observed in the simulation result under the condition ‘Light’, shown in Fig. 6(c), and
the trajectory width was wider than 'Dark' one. This result means light irradiation enhances the
instability of spin wave motion as time evolves. From Lyapunov spectra of simulated reservoir state
with 100 nodes obtained from spin wave motion at Detector A and Detector B under the conditions
'Dark’ and 'Light,’ Amax of ‘Mix’ was the positive value of 3.72, indicating chaos state as well as an

experimental result.
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Fig. 6. (a) Simulation model of the nonlinear interfered spin wave with a waveguide of 380 x 90 x 0.12 um?

and calculated spin wave motion at Detector A and Detector B. The cubic mesh employed measured 40 nm

x 40 nm x 40nm. The external magnetic field H is set to be applied perpendicularly to the surface of the

waveguide. Pulsed triangle waves were input to Exciter A and Exciter B. x components of spin wave motions

at Detector A and Detector B were monitored under 'Dark’ and 'Light'. (b) Phase portraits of (left) X1(k) versus

X>(k) and (middle) Xi(k) versus Xs(k) simulated under the condition ‘Dark’. (right) phase portraits from 4th to

8th periods of Xi(k) versus Xx(k). (c) Phase portraits of (left) Xi(k) versus Xz(k) and (middle) Xi(k) versus

Xu(k) simulated under the condition ‘Light. (right) phase portraits from 4th to 8th periods of Xi(k) versus

X>(k). (d) Lyapunov spectra of the interfered spin wave under the light switching.
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3.7. Evaluation of complexity and entropy of reservoir state of the physical reservoir
Since chaos is not stochastic but complex behaviors, complexity and entropy were introduced to
evaluate whether the feature of time-series data is complex or stochastic[[52],[53],[54],[55]]. Figures
7(a)-(e) show complexities C of the reservoir state of the ‘Mix’, simulated spin wave motions, and
various time-series data as a function of permutation entropy He. There are minimum and maximum
values of C (i.e., Cmin and Cmax). The position of the plot reflects the property of time-series data (i.e.,
randomness, noisiness, periodicity, and chaos) and provides visual support to determine said property.
When H. is 1.0 and C is 0.0, the signal is completely random (i.e., white noise), as shown in Fig. 7.
Fractional Brownian motion is chromatic noise, which is a stochastic process[55], and its complexity
C and entropy H. depends on Hurst exponent H. C and H. increases and decreases as H increases, as
plotted in Fig. 7. It can be judged whether the behavior of time-series data is deterministic or stochastic
since the curve drawn by these plots is an important indicator expressing a feature of time-series data.
Concretely speaking, a signal is chaos (stochastic) when a plot is located above (below) the curve[55].
For example, C and H. of the logistic map, which is known as a representative example of chaos,
increases as coefficient r increases and is located above the curve of chromatic noise. The logistic map
is described as follows,

fE+1) =rf(OA =) (10).
Its behavior largely changes depending on parameter r. The logistic map is deterministic chaos by
simple nonlinear mapping, and its C closes to maximum value when H. is medium value, as shown in
Fig. 7. If a signal shows periodic behavior, the combination of H. and C is within the region of 0.1~0.2.
If a signal shows a monotonically increment, said combination is 0.0. Furthermore, it was determined
that the characteristics of the spin wave motion simulated in this study were chaotic since its
combination of C and H. was plotted near plots of the logistic map. As can be seen in Fig. 7, it was
found to be independent of the position of the detector and the presence (i.e., ‘Light”) or absence
(‘Dark’) of light irradiation. This result is consistent with drawing an attractor indicating chaos, shown
in Figs. 6(b) and (c).

Based on the above relationship, we evaluated the characteristics of the reservoir state of the
opto-magnonic reservoir under the condition ‘Mix’. In the case of interval 2 ns shown in Fig. 7(a), a
parabolic-shaped distribution of the plots can be seen regardless of detector position and light
switching, and the combinations of C and H. of all nodes were plotted in the chaos region. Therefore,
it can be said that the dynamics seem to be chaos, which is supported by a positive Amax of 8.61 x 107
shown in Fig. 5(b). It again varied at an interval of 10 ns, but as the interval lengthened, the plots were
concentrated in a chaotic region, and the C decreased while H. increased. The plots of interval 10 ns
with small Amax, Which is 6.16 x 10 shown in Fig. 5(b), are parabolic-shaped distributions as well as
those of interval 2 ns. Thus, the dynamics at intervals of 10 ns are also chaotic. On the other hand, the

intervals 5 ns, 15 ns, and 20 ns, whose plots were concentrated, show relatively large positive Amax of
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0.87, 4.21, and 2.16, respectively. From Figs. 7(b), (d), and (e), the origin of large Amax of 4.21 and
2.16 was the combination of relatively small C and H., while the small Amax of 0.87 resulted from the
combination of relatively large C and He.. In particular, a part of the plots of the interval 15 ns, which
shows the largest Amax 0f 4.21, is distributed near the stochastic region. Note that this result does not
indicate that the node state at the condition of interval 15 ns is stochastic. Thus, it was concluded that
said chaotic state near the stochastic region is the optimal condition to achieve the highest
computational performance in tasks where nonlinearity is emphasized, such as second-order nonlinear

equation task (NMSE of 3.66 x 10) and NARMA?2 task (NMSEy.. of 4.96 x 107®).
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Fig. 7. Complexity C as a function of permutation entropy He under the conditions of 172 mT and (a) interval
2 ns, (b) interval 5 ns, (c) interval 10 ns, (d) interval 15 ns, and (e) interval 20 ns. Dashed lines represent
minimum complexity Cmin and maximum complexity Cnax. Red plots represent complexities of reservoir
states of the experimental nonlinear interfered spin waves. Plot at (0.341, 0.334) represents the complexity
of triangle wave input to the opto-magnonic reservoir. Simulation 'Dark’ and Simulation 'Light' represent the
complexities of spin wave motions calculated using micromagnetic simulation assuming conditions of 'Dark’
and 'Light'. Plots 'Fractional Brownian motion' represent complexities calculated with changing Hurst
exponent Hranged [0, 1). Plots 'Logistic map' represent the complexity variation of the logistic map at various
parameters r in its expression. r is ranged [3.0, 4.0]. Plot 'Random’ represents the complexity of random
wave ranging [0,1). Plots 'Sinusoidal wave' represents complexities of sinusoidal wave sin(21mft), where 2mf

and t are ranged [0.05, 5.00] and [0.00, 24.99], respectively. All sample length is 2500.
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4. Conclusions

We developed reservoir computing with nonlinear interfered spin wave multi-detection by spin wave
manipulation utilizing visible light irradiation. The opto-magnonic reservoir system in this study
improved computational performance compared with a previous work utilizing nonlinear interfered
spin wave multi-detection[26]. The diverse node states induced by visible light switching contribute
to improving the ability to map time-series data in higher dimensional space through spin wave
modulation. The crystal field transition occurred in two different Fe** sites of YIG by visible light
switching, and spin wave property was modulated through decreases in both magnetization and
magnetic anisotropy. NMSE for second-order nonlinear equation task and NMSEs... for NARMA?2
and NARMA 10 were suppressed by 3.66 x 107, 4.96 x 1073, and 0.163, respectively, and these values
were lower than the nonlinear interfered spin wave multi-detection reservoir. This improvement in
reservoir performance results from strong nonlinearity due to chaos, excellent short-term memory
property with MC of 32.08, and the ability to map time-series data in higher dimensional space.

The reservoir computing utilizing spin wave interference modulated by visible light
switching experimentally proved that utilizing different physical conditions is an effective way to
improve the computational performance of the physical reservoir. The size of said reservoir system
can be dramatically reduced by using ferromagnetic thin film in the future. Thus, high-performance
artificial intelligence devices with compact volumes can be realized in the future. This scheme to
improve reservoir performance through manipulating physical conditions can be applied to the
physical reservoir utilizing any other physical dynamics based on magnetic property, electrical

property, optical property, and so on.
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