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Physical reservoir computing is a promising way to develop an efficient artificial intelligence using
physical devices exhibiting nonlinear dynamics. Although magnetic materials have advantages in
miniaturization, the need for a magnetic field results in high electric power consumption and a
complex device structure. To resolve these issues, we propose a redox-based physical reservoir
utilizing the planar Hall effect and anisotropic magnetoresistance, which are phenomena described
by different nonlinear functions of the magnetization vector, that does not need a magnetic field to

be applied to it. The expressive power of this reservoir network based on an all-solid-state redox



transistor occupying a small volume is higher than that of previous reservoir networks. The
normalized mean square error of the reservoir on a benchmark task was 1.69x1073, which is lower
than that of a memristor array (3.13x10®) even though the number of reservoir nodes was fewer than

half that of the memristor array.

Reservoir computing has attracted attention as a promising way of implementing an efficient
artificial intelligence that can process time-series data.! This sort of computing has advantages in
terms of its learning cost due to its fewer learning parameters than in conventional deep learning and
its ability to mimic biological systems.*> These advantages could be used to reduce the amount of
information traffic, since the majority of information would be pre-processed on the physical
reservoir. Candidates for the physical reservoir include electrical circuits, electrochemical elements,
magnetic devices, optical elements, robotic system, ion-gating devices, and so on.®* They all share
three key features, i.e., nonlinear transformation, short-term memory, and the ability to map time-
series data to a higher dimensional space. In particular, the magnetic devices (i.e., spin torque
oscillators, spin wave homogeneous media, anisotropic magnetoresistance arrays, and so on) have
shown high computational performance in spoken-digit recognition and time series-data prediction
tasks in addition to being excellent candidates for miniaturization, reaching sub-um? scales.!3?%4! So
far however, physical reservoirs made from magnetic materials have needed a magnetic field to be
applied to them, which leads to the fatal problems of high electrical power consumption and
structural complexity. Thus, to reduce electric power consumption and simplify the device structure,

it is necessary to find a magnetic physical reservoir that does not require a magnetic field to be applied.
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Here, we focused on using an ion-gating reservoir (IGR) that utilizes the transient responses
of ions in an electrolyte and ions and electronic carriers in a channel.®3° The complex response of
this miniaturized device gives high expressive power to the reservoir, leading to high computation
power. Recently, we reported that the magnetization properties (i.e., magnetization amplitude,
magnetoresistance, and magnetization direction) of magnetite thin film in an all-solid-state redox
device can be dramatically manipulated with the redox (reduction/oxidization) mechanism at room
temperature*** and indicated that an ion-gating technique can be used to manipulate not only
electrical but also magnetic properties. This technique does not need a magnetic field to be applied
since the magnetization vector Mis determined by the electronic carrier density, which can be easily
tuned by the redox reaction together with the application of a low voltage (2.0 V). The modulation
of M can be tracked by the planar Hall effect whose electric motive force depends on the amplitude
and direction of the magnetizations and anisotropic magnetoresistance.** Thus, it is possible to
acquire information on Mfrom the electric signal. Although there are some reports on neuromorphic
devices utilizing electrical conductivity modulation in a magnetite thin film, there is no reported
neuromorphic application capable of modulating both the direction and amplitude of the
magnetization.>*>!

In this letter, we demonstrate reservoir computing utilizing information on M obtained from
an all-solid-state redox device, named a magnetic vector rotation reservoir. The magnetite thin film
used as the channel layer incorporates Li ions into the crystal lattice with a finite relaxation time.*%
The electronic carriers are doped by charge compensation and contribute to the modulation of M.
Thus, the planar Hall effect and anisotropic magnetoresistance response, which are based on M, can

be used as a physical reservoir that does not require a magnetic field to be applied to it. We found
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that this magnetization vector rotation reservoir outperformed a 90-node memristor array
(normalized mean square error, NSME, of 1.69 x 103 versus NMSE of 3.13 x 10?) in a task of solving
a second-order nonlinear dynamic equation even though it had a smaller network (40 nodes).?

The magnetization rotation reservoir device is schematically shown in Figure la. The device
was fabricated as follows. Magnetite thin film was deposited on a MgO (110) single crystal in order
to give it uniaxial magnetic anisotropy.**2°3 Raman spectroscopy (Figure 1b) confirmed that the film
contained no other iron oxide impurities (e.g., FeO, Fe:03). The film area was 500 x 700 pm?.
Electrodes with a hall-bar shape were deposited on the film. The electrical current electrode was
aligned to the 110 direction of the MgO substrate. Prior to depositing the Au gate electrode, Li2O-
Zr02-5i02 (LZSO) thin film, an Li*-conductive electrolyte, was deposited. A high-resolution
transmission electron microscope (HR-TEM) image of a cross-section of the device is shown in Figure
1c. Fast Fourier transforms (FFTs) for the substrate and the thin film regions are also shown. These
images confirm that the magnetite thin film grew epitaxially and coherently on the MgO (110) single
crystal. Figureld shows the magnetoresistance (MR) in the magnetite thin film at magnetic fields
ranging from -14 T to 14 T. The negative MR curve, which the previous study also observed, reflects
how the spin polarized current at the grain boundary varies under various magnetic fields.** The
relative MR variation is in good agreement with previous reports, indicating that the fabricated thin
film had comparable properties to the films used in the previous studies.*>* Here, ¢ is defined as the
relative angle between the drain current vector /b and the magnetization vector M. The transverse
voltage Viy and longitudinal voltage Vix reflect the planar Hall signal detected at the V+(xy) and V-
(xy) terminals and the potential drop detected at the V+(xx) and V-(xx) terminals, respectively. As

shown in Figures le and f, Vxv and Vxx of the magnetite thin film depend on ¢ as follows:*¥#
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Vay = b(R|-R1)/2 sin2¢p =M?k/t sin2¢ (1)
Vax = bR+ Db(R|-R1)cos?p = bR+ 2M?*k/t cos’p (2),
where R| and R, respectively denote the electrical resistance for magnetic fields perpendicular and
parallel to Jb. k and ¢ are constants relating to anisotropic magnetoresistance and film thickness,
respectively. From equations 1 and 2, it can be seen that both Tky and Vxx reflect the direction and
amplitude of the magnetization, but they exhibit different electronic carrier tuning behaviors since
the nonlinear function of the Tky signal against ¢ differs from the Vxx one. Figure 1g plots normalized
I curves for gate voltages ( Vc) swept at various rates. It shows that, as the sweep rate increased, /b
described a smaller hysteresis. This modulation results from electronic carrier doping induced by the
Liions in the magnetite thin film, as shown in Figure 1h. The redox reaction is as follows,
FesOs + xLit+xe” <> LixFesOs  (3)
and
Fe316a + Fe?*16a + Fe3'sa + xe-
<> (1I-x)Fe*16a + (1+x)Fe?16a + Fe3sa  (4).

Here, 16d and 8a mean octahedral sites and tetrahedral sites. The observed modulation rate of “19 %
is in good agreement at the rate found in the previous study (720 %).% Area of hysteresis in the density
variation of the doped electronic carriers and the time dependence of the amount of doped electronic
carriers could be controlled by varying the application time and/or sweeping speed of V%. In addition,
the amplitude and direction of the magnetization can be manipulated by tuning the electronic carrier
density.** The Li ions are at 16c sites, which are vacant octahedra with an oxygen at each corner.”
To maintain charge neutrality, a spin-down dopant electron occupies the Feiea site. This electron not

only helps to tune the electronic carrier density; it also decreases 1/ and rotates it.*#*> Note that Vxx

5



shows not only anisotropic magnetoresistance but also electrical conductivity modulations, whose

rates are < 3 % for anisotropic magnetoresistance and 20 % for electrical conductivity.* Since Tk and

Vxx have information on M and the superimposition of M and the electrical conductivity, complex

nonlinear behavior can be obtained by tuning the electronic carriers (see the inset of Figure 1g).
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Figure 1. (a) Schematic illustration of magnetization vector rotator reservoir device. ¢ is defined as
the relative angle between the electric current /b and magnetization M. (b) Raman spectrum of a
magnetite/MgO substrate structure. (c) TEM image of a cross-section of the device and its fast Fourier
transform. (d) Magnetic field dependence of magnetresistance of the magnetite thin film under a
magnetic field applied perpenducular to the film surface. (e) Plot of Vxy versus the magnetization
vector @. (f) Plot of Vxx versus ¢. A magnetic field of 1.6 T was applied during the measurements. (g)
I response against Ve swept at various rates. Inset: Variation in /b at different sweep rates with
magnetization rotation associated with carrier doping. Blue and red solid lines show the variation in
signal amplitude depending on magneitzation rotation and varition in /b, respectively. (h) Schematic
illustration of electron donation in a magnetite cell and spin configuration of Fe ion at tetrahedral site

and octahedral site. The red arrow denotes the spin-down state.

The reservoir computing model is illustrated in Figure 2a. The model consists of an input layer,
a reservoir, and output layers connected by weight parameters (i.e., input weights Wi and output
weights Wour). Since Win and the weights ( W) connecting each node in the reservoir layer are fixed,
the only learning parameter in this model is Wou. The reservoir in the network is a physical device.
Its dimensionality was increased by utilizing two responses, i.e., Vxy corresponding to magnetization
modulation and Vix corresponding to anisotropic magnetoresistance modulation. The idea is that,
when a series of pulsed voltages with a fixed pulse period is input to the gate electrode, Vxy and Vxx
exhibit different waveforms depending on the electronic carrier tuning. Each pulse period
corresponds to a time step 4. The response of Ty to an input pulsed voltage with a discrete time step

is shown in Figure 2b. Twenty node states, labeled Xi(k)-Xa0(%), are taken from the waveform per
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time step &, which corresponds to one pulse period. Figure 2c shows the dependence of each Xion %,
where 7is the node number. It can be seen that the waveforms of the node states have various shapes,
indicating that the reservoir has high expressive power. Figure 2d shows the case of another 20 node
states, Xo1(k)-Xa(4), taken from the waveform of Vxx. In this case as well, the dependence of X varies

with & (Figure 2e). The output of the reservoir network y(k) can be expressed in terms of Xi(%) to

X40(k), as follows:

y() =) Wxe )

Here, Wi denotes the 7-th output weight connecting the reservoir and the output layers in the

network.
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Figure 2. (a) Concept of reservoir computing utilizing a magnetization vector rotation reservoir and
schematic illustration of Vxy and Vxx responses to a pulsed voltage. (b) Cropped Vxvy response for the
input pulsed voltage with a discrete time step. (c) Dependence of 20 node states, Xi-Xz0, on 4. (d)
Cropped Vxx response for input pulsed voltage with a discrete time step. (e) Dependence of 20 node

states, (Xa-Xio_on k.

Figure 3a shows the process flow diagram of the second-order nonlinear system prediction
taSk, 8,14,37-39

d(k) = 0.4d(k — 1) + 0.4d(k — 1)d(k — 2) + 0.6u3(k) + 0.1  (6),
9



in which d(k) denotes the output of the system for an input u(4)at 4. To perform this task with high
accuracy, the physical reservoir must have excellent nonlinearity, the ability to map time-series data
to a high dimensional space, and a short-term memory because equation (6) includes a nonlinear term
and a term based on the past state.® The original random input data were transformed into a pulse
voltage train [0.5 V, 1.5 V] with a base level of VG = 1.0 V. The pulse period ranged from 50 to 200
seconds. The learning parameter W;was optimized to minimize the error between output and target
waveforms in the training phase, and the optimized value was used in the test phase. Figures 3b-f
compare the waveforms predicted in the training and test phases. The output waveforms are in good
agreement with the target waveforms. The prediction error, which is defined as NMSE, for various
pulse periods is summarized in Figure 3g. NMSE decreases as pulse period expands. The minimum
NMSE was 1.69 x 10 in a pulse period of 150 seconds. This value is much smaller than that of a 90
memristor array (NMSE: 3.13 x 103) even though the network had only 40 nodes.? This result shows
that giving Vxy and Vix different nonlinear responses improves the expressive power of the reservoir

relative to that of an array of devices with similar responses.
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Figure 3. (a) Using a magnetization vector rotation reservoir to process time-series data. (b)-(f)

Predictions in the training phase and testing phase of a second-order nonlinear system for pulse

periods of 50, 75, 100, 150, and 200 seconds. The black, green, and blue lines denote the target and
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prediction results of the training and testing phases. (g) NMSE at various pulse intervals. The dashed

solid line denotes the NMSE of a 90-memristor array.?

To determine the reasons for the improvement in performance relative to the previous study,
we evaluated the memory capacity (MC) of the physical reservoir device. Figures 4a-e show the
dependence of the coefficient of determination 7 (i.e., forgetting curve) on the step delay in various
pulse periods. 7 maintains a value above 0.5 by approximately a step delay of 2, indicating the value
2 steps before can be reproduced with high accuracy. Figure 4f shows the change in MC in various
pulse periods. Here, MC is defined as the area surrounding the forgetting curve and is an indicator of
the short-term memory. The maximum MC (3.97) is for a pulse period of 150 seconds, which
corresponds to the condition with the minimum NMSE. This may be a reason for the improvement.
Another factor could be nonlinearity; here, we compared the output signals for different pulsed V&
inputs. Figure 4g shows the normalized Vky at one 4. For all pulse periods, Vxy responds nonlinearly
to the input pulse. The rise and fall of the Vxv outputs within the normalized time interval from pulse-
on to -off become steeper as the input pulse period becomes longer, whereas those before this
normalized time becomes smaller. To evaluate the nonlinearity of the Mrotation induced by Vs, we
used the correlation coefficient r to evaluate the nonlinearity of the A rotation induced by 1%,
because it is a measure of the nonlinearity of the Vv response. Figure 4h replots the responses of Vxy
at one k£ shown in Figure 4g. One cycle of the plots reflects various Vxy responses in one pulse period.
If the response is linear, the plots should follow the dashed line in the figure. Apparently, the
responses do not follow the dashed line and thus show nonlinear behavior. It can be seen that

hysteresis area expands as the pulse period increases. This result shows that the nonlinearity becomes
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stronger as the pulse period expands. To evaluate the nonlinearity, we used the correlation coefficient
ras an indicator:

Ly (@) —b)

. \/%zzzl(ai —ay \/%zzzl(bi %

(7).

Here, n, a, b, @, and b are the number of data, the value of Ty, the value of the linear line, the average
of a, and the average of b, respectively. The corresponding plot in Figure 4i shows that the values of
rat pulse-on and pulse-off are slightly different, which in turn indicates that the response of Vxy in
one pulse period shows asymmetric nonlinear behavior. rdecreases as the pulse period increases. This
result shows that the Vxy response shows strong nonlinearity when the electronic carrier density is
higher (i.e., the pulse period is longer). Figures 4j and k are schematic illustrations of the Vxy response
based on M?sin2¢ under a pulse voltage. M rotates counterclockwise (i.e., ¢ decreases) and its
amplitude increases (Figure 4j) during the pulse-on period. On the other hand, M rotates clockwise
(i.e., @ increases) and the amplitude decreases during the pulse-off period (voltage is 1.0 V) (Figure
4k). Txy has a strong nonlinear response both in its direction and amplitude to the M modulation

induced by V.
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Figure 4. (a)-(e) Forgetting curves, which show the dependence of the determination coefficient on
the step delay, for pulse periods of 50, 75, 100, 150, and 200 seconds. (f) Memory capacity in various

pulse periods. (g) Normalized Vxy response for pulse inputs with various periods. The time axis is
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normalized to correspond to one time step 4. (h) Replotted Vxv response at one k. (i) Correlation
coefficient variation of Vxv response in various pulse periods. (j) Schematic illustrations of Ty
response based on Asin2¢ (left) and magnetic anisotropy and magnetization vector (right) during
the pulse-on period. (k) Schematic illustrations of Vxy response based on Asin2 ¢ (left) and magnetic

anisotropy and magnetization vector (right) during the pulse-off period.

In summary, we demonstrated a magnetization rotation reservoir that exhibits two nonlinear
responses, Vxy and Vkx, to the modulation of the magnetization M of reservoir’s magnetite thin film
without application of a magnetic field at room temperature. While Vxv purely depends on M, Vxx
depends on the anisotropic magnetoresistance and electrical conductivity. It was found that varying
the electronic carrier density as a means of modulating M gives the physical reservoir excellent
nonlinearity characteristics and helped it to outperform an array consisting of a single kind of
memristors.® The principle of the magnetization rotation reservoir is not limited to magnetite thin
film; it can be applied to other ferromagnetic metallic and semiconducting materials. This
development will improve the versatility of physical reservoir computing thanks to its low electric

power consumption, excellent miniaturization prospects, and simple device structure.

Fabrication of Magnetization Vector Rotation Reservoir Device. A magnetization vector
rotation reservoir device was fabricated on the flat surface of a MgO (110) substrate.* A 12-nm-thick,
500 x 700 um? magnetite channel layer was deposited by pulsed laser deposition (PLD) using a
magnetite polycrystalline target. The base pressure in the deposition chamber was 3.3 x 10° Pa. The

substrate temperature was kept at 573 K during deposition, and the laser repetition rate was 5 Hz.
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The flow rate of the Ar (99 %) and O2 (1%) mixture gas was fixed at 0.2 sccm, and the pressure was
kept at 1.3 x 10 Pa. A 5-nm-thick Ti adhesion layer and 50-nm-thick Pt electrode with a Hall-bar
shape were continuously deposited on the magnetite thin film by rf magnetron sputtering. A Li2O-
Z102-5i02 (LZSO) thin film was deposited by PLD, using a Li-excess LZSO ceramic target, in a 3.4 Pa
O2 atmosphere at a flow rate of 8.5 sccm. Finally, the Au gate electrode was deposited on the LSZO
electrolyte by rf magnetron sputtering. Metal shadow masks were used to pattern each layer.

Evaluation of fabricated device. The quality of the deposited magnetite thin film was
evaluated with micro-Raman spectroscopy. The wavelength of the incident light was 573 nm, and
the power was set at 0.5 mW to avoid thermal oxidation. The exposure time and integration number
were set to 120 seconds and 20 times. As for the dependence of Vxx and Vxy of the magnetite thin
film on the magnetization angle ¢, the current vector was aligned to <110> and the drain current b
was set to 7 yA. The Vxx and Tiy signals were measured using nanovolt meters with the magnetic
field of 1.6 T rotating clockwise. The resulting Tix and Vxv curves showed no distortion since ¢
equaled the angle through which the magnetic field vector rotated. The conductivity of the Li ions
in the LZSO of the fabricated device was measured with a Solartron SI-1260 frequency response
analyzer. Electrical measurements (i.e., plotting the /b curve by sweeping Vs and measuring the Vxx
and Vxv responses to input pulse gate voltage (1G)) were performed on the device in a vacuum by
using a Keithley 4200-SCS parameter analyzer.

Voltage measurement of voltage response for random Ve pulse input. To obtain the Vix and
Vxy responses to random time-series data, the data were transformed into pulsed voltage data. Five
pulse trains with different pulse periods (50, 75, 100, 150, and 200 seconds) were prepared in order to

optimize the input conditions. Here, Vxx and Vky were voltage signals reflecting the electrical
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resistance and planar Hall effect. Each pulse train had a base voltage of 1.0 V and an amplitude range
of [0.5, 1.5 V]. Five pulse trains were input one by one with time intervals in between. Vs during
each interval was 1.0 V. Prior to measuring the Vxxand Vxy responses to 1%, the magnetization was
saturated parallel to the easy direction <111> on the 110 plane by using a permanent magnet with a
magnetic field of 450 mT. Then, the magnetic field was removed, and /b was set to 2 pA during the
measurement.

Nonlinear time series data prediction task. The original input data were transformed into
pulsed voltages. One pulse period corresponded to one discrete time step 4. The response signal was
output from a physical device, and the node state Xi was sampled from the signal. Since the
magnetization vector rotation reservoir of this study output two responses (i.e., Vxxand Vxy), 40 nodes
could be used for computing by obtaining 20 node states from each response. These 40 node states
were connected by using the output weight matrix Wou, to generate the reservoir output y. Wou was
optimized in the training phase by minimizing the difference between the target waveform output
d(n) of the theoretical model and the reservoir output y(%). y(%) is described as

y(k) = Xica WiXi(k) +b.  (8)
Here, n, W and b are the total number of nodes, an element of Wosu, and a bias term, respectively.
Wiwas optimized by ridge regression. The test phase evaluated the performance of the network. Wou
optimized in the training phase was used in the test phase as is. The number of time step & used in
the training and test phases was 150, since the first 50 time steps in each phase were discarded. To
compare the performance of the reservoir system with that of other systems, the errors were

calculated by using the normalized mean square error (NMSE) defined as follows,

_yr  @di-yk)?
NMSE = ¥, =222 (9)
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Here, 7, d(k), and y(k) are the lengths in the training phase (7'= 150) or test phase (7= 150), the target
signal, and the predicted signal.

Ridge regression for solving second-order nonlinear dynamic equation. The readout
network of the magnetization rotation reservoir was trained by ridge regression for time-series data
analysis. In this ridge regression, the reservoir output y{k) shown in equation 8 is transformed to

y(k) = Wou - X(k) (10,
Here, W= (wn, m, ..., wan) and X(&) = (Xo(4), Xi(%), ..., Xa(k))T are the weight vector and the reservoir
state vector for a reservoir of size n, respectively. Note that wo = b and Xo(4) = 1 to introduce the bias
bshown in equation 8. The cost function /[ W) of the ridge regression is defined as
JW) =230 e () =y (k)2 + 53w (1),
where 7, B, and yi(%) are the data length in the training phase, the ridge parameter, and the target
output generated by equation 6, respectively. We set 7= 150 and 8 = 5x10*. The weight matrix W,
which minimizes the cost function [ W), is given by the following equation:
W =YXT(XX" + AD! (12).
Here, Y= (3(1), %(2), ..., %(T)), X(k) = (X(1), X(2), ..., X(T)), and T(C R¥D* D) are the target output
vector, the reservoir state matrix, and the identity matrix, respectively. The computational
performance of the task was evaluated by computing NMSE after the readout weight was learned.

Estimation of short-term memory capacity. A delay task was performed to determine
whether the system could recover past input data as current input. u(4) is applied to the magnetization
rotation reservoir and the input u(4-t) before the delay time t is reconstructed by a linear

combination of reservoir states and W obtained from the current response of the reservoir. The square
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of the correlation coefficient between the ideal target u(4-t) and the model predictions y(k) was

determined by utilizing the relationship,

Cov?(d(k),y (k7))
Var(dk)xvar(y(ks))’

r2(7) =

(13)
where Cov(A, B) is the covariance between vectors A and B, and Var(A) = Cov(A, A). 7 takes values
between 0 and 1, where 1 indicates perfect replication of the targets. The short-term memory capacity

Cstm was calculated by taking the sum of the 7°(7) values over the range of delays, i.e.,

Cstm = Zp=a 72 (7). (14)
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