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1. Background


This Deliverable is related to Task 3.2 of the NIMFEIA project. The overarching goal of 
the task is to evaluate the performance of the vortex-based magnon reservoir as a 
reservoir computer for processing input signals in the GHz range. The focus of this 
deliverable are two widely used metrics to quantify the performance of reservoir 
computers. 


The first is the short-term memory (STM) task, which tests the fading memory 
property of the reservoir. Fading memory is an important property for classifying 
temporal sequences (e.g., spoken digits, vowels). This property is connected to the 
transient properties of the reservoir dynamics. 


The second is the parity-check (PC) task, which tests the capacity of the reservoir to 
perform nonlinear tasks. This task is connected to the separation property of the 
reservoir, i.e., its capacity to separate different inputs into a higher dimensional state, 
thereby simplifying classification tasks using machine learning of the reservoir 
outputs. This property is connected to the nonlinear properties of the reservoir 
dynamics.


The Deliverable takes the form of the scientific article,

Benchmarking a magnon-scattering reservoir with modal and temporal multiplexing 
C. Heins, J.-V. Kim, L. Körber, J. Fassbender, H. Schultheiss, and K Schultheiss 
arXiv:2502.02271 (2025)


A first version of this article was deposited on the arXiv server on 4 February 2025, 
followed by a revised version on 6 May 2025.
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2. Executive summary of the Deliverable


The Deliverable presents a combined experimental and computational study that 
quantifies the performance of a vortex-based magnon reservoir for reservoir 
computing. We compute two widely used metrics in the field: short-term memory 
(STM) and parity check (PC).


We perform both STM and PC tasks by measuring the reservoir response to a 
random binary sequence of A and B “symbols”. These symbols are represented by 
non-overlapping, 14-ns long radiofrequency (RF) field pulses with frequencies fA = 8.9 
GHz and fB = 7.4 GHz. These frequencies correspond to the characteristic radial 
mode frequencies of the magnon reservoir. When driven with sufficiently large RF 
magnetic fields, these radial modes undergo three-magnon scattering, splitting into 
two azimuthal modes at approximately half their natural frequencies. These scattering 
processes exhibit complex transient dynamics and underpin the operation of the 
magnon reservoir.


The power spectrum of the excited and scattered modes serves as the output of the 
reservoir for the tasks. In experiments, this power spectrum is measured using time-
resolved micro-focus Brillouin light scattering, which is then compared to results from 
micromagnetics simulations. Two different schemes are studied to construct the 
output space vector corresponding to each A,B input for the STM and PC tasks. The 
first scheme, modal multiplexing, involves dividing the power spectrum averaged 
over the duration of the pulse in frequency space. This method captures the different 
mode populations during each pulse. The second scheme, temporal multiplexing, 
involves dividing the averaged power spectrum in time within each pulse. This 
method captures how the overall mode populations vary with time (transients).


Overall, the best performance in each task is obtained for the smaller frequency or 
time bins, corresponding to the output space with larger dimensions. The nonlinear, 
scattered mode power spectra provide the most contributions to the reservoir 
performance, as anticipated. Good agreement is found between experiment and 
simulation. The reservoir performance is comparable to other systems based on 
magnonics and spintronics reported in the literature.




This project has received funding from the EU Research and Innovation Programme 
Horizon Europe under grant agreement No 101070290. 

3. The Deliverable – C. Heins et al., arXiv:2502.02271v1
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Physical reservoir computing has emerged as a powerful framework for exploiting the inherent nonlinear dy-
namics of physical systems to perform computational tasks. Recently, we presented the magnon-scattering reser-
voir, whose internal nodes are given by the fundamental wave-like excitations of ferromagnets called magnons.
These excitations can be geometrically-quantized and, in response to an external stimulus, show transient non-
linear scattering dynamics that can be harnessed to perform memory and nonlinear transformation tasks. Here,
we test a magnon-scattering reservoir in a single magnetic disk in the vortex state towards two key performance
indicators for physical reservoir computing, the short-term memory and parity-check tasks. Using time-resolved
Brillouin light scattering microscopy, we measure the evolution of the reservoir’s spectral response to an input
sequence consisting of random binary inputs encoded in microwave pulses with two distinct frequencies. Two
different output spaces of the reservoir are defined, one based on the time-averaged frequency spectra and an-
other based on temporal multiplexing. Our results demonstrate that the memory and nonlinear transformation
capability do not depend on the chosen read-out scheme as long as the dimension of the output space is large
enough to capture all nonlinear features provided by the magnon-magnon interactions. This further shows that
solely the nonlinear magnons in the physical system, not the read-out, determine the reservoir’s capacity.

I. INTRODUCTION

Physical reservoir computing (PRC) [1–3] is a computa-
tional paradigm that exploits the natural dynamics of com-
plex, nonlinear physical systems to process information. Orig-
inally inspired by recurrent neural networks, reservoir com-
puting (RC) [4–7] simplifies training by keeping a fixed set
of randomly connected neurons — the reservoir — and only
optimizing the output layer, rather than the entire network.
This architecture has proven particularly effective in temporal
tasks like pattern recognition, signal processing, and chaotic
time-series prediction. In PRC, the reservoir is not an abstract
neural network but an actual physical system with intrinsic
nonlinear dynamics which map a complex input into a high
dimensional, linearly separable output space. Limiting the
problem to a simple linear classification, without the need for
complex control over internal states, makes PRC a promising
alternative for tasks requiring fast and energy-efficient infor-
mation processing.

In recent years, various substrates were suggested for
physical reservoirs, such as optical fibers [8–11], memris-
tive circuits [12–15], spintronic devices [16–21], arrays of
nano-magnetic elements [22–24], skyrmions [25–27], and
magnons [28–34]. In our work, we study the computational
capabilities of a magnon-scattering reservoir [35]. This re-
alization relies on the nonlinear interactions of quantized
magnons, the collective excitations in a magnetically ordered
system. In particular, we evaluate the short-term memory
(STM) and parity check (PC) tasks, both fundamental bench-
marks for assessing the memory and nonlinear transformation

* h.schultheiss@hzdr.de
† k.schultheiss@hzdr.de

capabilities of a computational system. The STM task evalu-
ates a system’s ability to maintain temporal information over
short durations. This is critical for any temporal processing
model, as many real-world signals involve retaining informa-
tion over sequential time steps. The PC task tests the system’s
ability to perform nonlinear transformations, as determining
parity involves identifying and processing specific nonlinear
relationships among sequential inputs. Both tasks can be done
on the same input sequence, with the difference of separately
trained output layers that map the response of the magnon-
scattering reservoir to the respective transformed target.

In our experiments, the temporal evolution of the magnon
reservoir’s spectral response is measured by means of time-
resolved Brillouin light scattering microscopy. To character-
ize and read-out the magnon-scattering reservoir, we compare
two distinct output spaces of the reservoir: one based on time-
averaged frequency spectra of the magnon system, another
defined by the temporal evolution of the individual magnon
modes.

II. METHODS

A. Sample preparation

The magnon-scattering reservoir is based on a single mag-
netic disk with a diameter of 5.1 µm which is patterned from a
Ti(2 nm)/Ni81Fe19(50 nm)/Ti(5 nm) film deposited on a SiO2

substrate using electron beam lithography, electron beam
evaporation and subsequent lift off. To excite magnetization
dynamics, we pattern an !-shaped antenna around the disk
from a Ti(2 nm)/Au(200 nm) film, also using electron beam
lithography, electron beam evaporation and lift off. The inner
and outer diameter of the antenna are 8.3 µm and 11.1 µm,
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Figure 1. (a) Magnon-scattering reservoir consisting of a 50 nm
thick, 5.1 µm diameter NiFe disk in the vortex state placed inside an
omega-shaped antenna, with schematic intensity profiles of different
magnon modes (n,m). (b) Two radial magnon modes fA and fB
spontaneously split into two magnons with m →= 0 and frequencies
equally spaced around half their respective excitation frequencies.
(c),(d) The pulsed excitation of fA and fB with a temporal overlap re-
sults in cross-stimulation of the two channels, where the split modes
of the later pulse depend on the temporal order of the two inputs.

respectively. An illustration of the sample, which is based
on a scanning electron microscopy (SEM) image, is shown in
Fig. 1(a).

As depicted on the SEM image, the ground state in such a
disk is a magnetic vortex with the magnetic moments (black
arrows) curling in-plane around the vortex core, a narrow re-
gion in the disk’s center where the magnetic moments align
perpendicularly to the film plane (white arrow). The magnon
eigenmodes in this system have well-defined frequencies and
are described by their mode numbers (n,m), with n (m)
counting the number of nodes in radial (azimuthal) direction,
respectively. A few examples of mode profiles are depicted in
Fig. 1(a). By applying a microwave current to the !-shaped
antenna, the symmetry of the homogeneous out-of-plane Oer-
sted field solely allows for the excitation of pure radial modes
with m = 0.

B. Nonlinear three-magnon splitting

If the excitation power crosses a certain threshold, nonlin-
ear three-magnon splitting sets in [36, 37], as is sketched in
Fig. 1(b). The initially excited magnon mode (nA, 0) at fre-
quency fA spontaneously splits into two secondary magnon
modes under conservation of energy fA = fA++fA- and angu-
lar momentum mA+ = →mA-. Inside a single disk, many dif-
ferent channels for this splitting exist, as indicated in Fig. 1(b)
for excitation frequencies fA and fB.

These different splitting channels can mutually influence
each other via cross-stimulated three-magnon scattering. [35]
During transient dynamics, this influence between different
channels can be nonreciprocal. Figure 1(c, d) depicts the sim-
plified case with two magnon modes excited by ns-long mi-
crowave pulses. The spontaneous splitting of frequency fA
forces fB into a specific pair of split magnons, which deviate
from its spontaneous split modes [Fig. 1(c)]. If the tempo-
ral order of the two pulses is reversed [Fig. 1(d)], fB splits
spontaneously and forces fA into different split modes during
the transient dynamics. Therefore, it is possible to distinguish
the temporal order of the input signals by only measuring the
nonlinearly excited split modes. This nonlinear interaction of
quantized magnon modes in reciprocal space underpins the
magnon-scattering reservoir.

C. Signal generation

To perform the STM and PC task experimentally, we gen-
erate a sequence of 2000 random binary inputs (u ↑ [0, 1]),
an excerpt of which is shown in Fig. 2(a). This input is then
transformed into 2000 radiofrequency (rf) pulses, each with a
nominal length of 14 ns and representing an individual time
step Tj with 0 ↓ j ↓ 2000. The pulse duration is cho-
sen to be as short as possible to have the pulse transitions
in a time window, where the dynamics are not yet in steady
state. For the used microwave equipment this corresponds to
14 ns. The binary input "1" corresponds to the third radial
magnon mode (2, 0) excited at frequency fA = 8.9GHz, the
input "0" corresponds to the second radial mode (1, 0) at fre-
quency fB = 7.4GHz. The excitation powers PA = 20dBm

and PB = 24dBm are strong enough to reach the nonlinear
regime spontaneously for each of the targeted modes A and B.
Due to the higher threshold for fB, the power is larger for that
frequency to achieve similar intensities of the split modes.

The rf pulses are generated by two separate microwave
sources set to the pulse mode at fixed frequencies fA and fB,
respectively. In order to synchronize the two sources, a pat-
tern generator (Pulsestreamer by Swabian Instruments) is used
to create the series of pulses gating the rf-sources. The two
generated microwave signals are combined and fed into the
!-shaped antenna using picoprobes.
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Figure 2. (a) Excerpt of a binary input sequence "0010111010" which is encoded by alternating microwave pulses, each 14 ns long and
resembling one time step Tj . "1" ("0") is represented by the frequency fA (fB), respectively. (b) Excerpt of the time-resolved µBLS data
measured on the magnon-scattering reservoir with the recorded magnon intensity color-coded. The colored boxes highlight areas of the
spectrum that are used to evaluate the system’s performance based on two distinct output schemes. (c) On the one hand, the spectral response
is integrated for each time step Tj , and the binned intensity is used to construct output space F . (d) On the other hand, the time evolution of
all involved magnon modes is tracked individually and then concatenated to generate output space T .

D. Time-resolved Brillouin light scattering microscopy

The response of the magnon-scattering reservoir to the in-
put sequence is probed as a function of frequency and time by
time-resolved micro-focused Brillouin light scattering spec-
troscopy (TR-µBLS) [38]. A monochromatic (532 nm)
continuous-wave laser is focused onto the sample surface
using a 100x microscope lens with a high numerical aper-
ture (0.75), allowing us to reach a spatial resolution of about
300 nm. The backscattered light is sent into a Tandem Fabry-
Pérot interferometer (TFPI) [39] to measure the frequency
shift caused by inelastic scattering of photons and magnons.
Control signals that encode the current state of the interfer-
ometer, signals of the photon counter and a clock signal from
the pattern generator are acquired continuously by a time-

to-digital converter (Timetagger 20 by Swabian Instruments)
with a temporal resolution of 1 ns. From these data, the tem-
poral evolution of the magnon spectra with respect to the stro-
boscopic rf excitation is reconstructed.

During the experiments, the investigated structure is im-
aged using a red LED and a CCD camera. Displacements
and drifts of the sample are tracked by an image recognition
algorithm and compensated by the positioning system (XMS
linear stages by Newport). To capture magnon modes with
different spatial distributions, we integrate the signal over 12
positions covering one-quarter of the disk, four in azimuthal
and three in radial direction. All measurements are conducted
at room temperature.
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E. Micromagnetics simulations

To support the experimental work, we also performed mi-
cromagnetic simulations of the magnon-scattering reservoir
response to the same sequence of rf pulses. We used the Mu-
Max3 code which performs numerical time-integration of the
Landau-Lifshitz-Gilbert equation using the finite difference
method [40]. We modeled the 5 µm diameter, 50 nm thick
permalloy disk using 512 → 512 → 1 cells, with an exchange
constant of A = 13pJ/m, a saturation magnetization of
MS = 810 kA/m, a Gilbert damping constant of ω = 0.008,
and a gyromagnetic constant of ε/2ϑ = 29.6GHz/T. Finite
temperature effects are accounted for by adding a stochastic
term to the effective field, where we assume T = 300K. The
rf field excitation is modeled with a spatially-uniform perpen-
dicular field, brf = bi sin(2ϑfit)ẑ, where bA = 3.0mT for
fA = 8.9GHz and bB = 3.5mT for fB = 7.4GHz.

Following the approach outlined in Ref. 35, we estimate the
power spectra of magnon excitations using a coarse-grained
approach. We subdivide the simulation geometry into a trian-
gle mesh and record the spatial average of the magnetization
over each mesh region as a function of time, with a time step
of 20 ps. The total power spectrum is then computed by sum-
ming the power spectra of these mesh regions, obtained using
a discrete Fourier transform of the fluctuating magnetization
over an interval corresponding to the pulse length of 14 ns.
This results in a sequence of 2000 spectra, corresponding to a
random input sequence of 2000 rf pulses with frequencies fA
and fB. To mimic the experiment as closely as possible, which
involves multiple repetitions of the same pulse sequence, we
repeat this simulation 100 times, but with a different realisa-
tion of the stochastic thermal field. The average power spec-
trum over these 100 runs is subsequently used for computing
the STM and PC metrics.

III. RESULTS AND DISCUSSION

An excerpt of the magnon response is shown in Fig. 2(b),
with the recorded magnon intensity color-coded on a logarith-
mic scale. Due to the long measurement duration of 28.1 µs,
the full input sequence and the complete time-resolved BLS
spectrum are not shown, but available in Ref. 41. The gray
dashed lines separate the 14 ns long time steps Tj . The di-
rectly excited modes at fA and fB yield the most intense re-
sponse. Their duration is slightly longer than the supplied in-
put pulses due to the finite magnon lifetime.

Besides the directly excited modes, one can see a multitude
of secondary modes in the frequency range from 2GHz to
7GHz, i.e. around half the frequencies of the initially excited
modes. As explained in the previous section, the secondary
modes are subject to continuous cross-stimulation from one
another. However, in addition to the simple cross-stimulation
of two consecutive pulses depicted Fig. 1(c,d), the split modes
in a longer input sequence also depend on excitation pulses
further in the past. An example of this long-term manipula-
tion can be seen in the TR-µBLS spectrum [Fig. 2(b)] when
comparing the transitions T31 ↑ T32 and T33 ↑ T34. Both

cases show the transition fB ↑ fA, but the intensities of the
split modes are clearly different due to the long-term history.

At the beginning of time step T33, fB = 7.4GHz is forced
to split into modes at 2.5GHz and 4.9GHz [horizontal white
lines in T33 of Fig. 2(b)]. For the transition T33 ↑ T34, the
already existing population of the mode at 4.9GHz stimu-
lates the splitting of fA = 8.9GHz into modes at 3.8GHz

and 5.1GHz directly at the beginning of T34, even though
slightly off-resonant [black lines in T34 of Fig. 2(b)]. How-
ever, the initial mode populations are different for the transi-
tion T31 ↑ T32. At the beginning of T32, the mode at 4.9GHz

is not populated from the previous time step anymore due to
the limited lifetime of the mode at 2.5GHz. Therefore, it
takes almost 7 ns for the splitting of fA to build up in T32

[horizontal black lines in Fig. 2(b)]. This gives one example
of how the splitting of the directly excited modes is influenced
by time steps further in the past.

To analyze the memory and nonlinear capabilities of the
magnon-scattering reservoir more quantitatively, we use two
different output schemes for our analysis. The first output
space F is constructed following modal multiplexing intro-
duced in Ref. 35. As is shown in Fig. 2(c) for one time step
T32, the spectral response is integrated over time within each
14 ns long pulse. Then the integrated spectra are separated
into Nf different frequency bins, in which the detected inten-
sities are averaged. This is done for each time step Tj . The
resulting vectors xf (Tj) form a matrix Xf representing the
output space F .

Alternatively, a more common approach for reservoir com-
puting in the time domain is used, as illustrated in Fig. 2(d).
Here, the intensities of the ten most intense magnon modes
are tracked by integrating a 300MHz window around the cen-
ter frequency of the respective mode. Then, these time traces
for the different modes are appended to form one long time-
stream, which is divided into a number Nt of time steps. The
resulting vectors xt(Tj) for different time steps are concate-
nated to create the output matrix Xt. This defines the temporal
output space T .

Both output spaces, F and T , are extracted for different fre-
quency bin sizes and for varying resolutions of the time traces,
respectively. This allows for a direct comparison between out-
put spaces with similar dimensions Nf ↓ Nt, which will be
explained in more detail below.

Following calculations of the memory capacity in Refs. 42,
43, the target vectors ŷSTM(ϖ) for the STM task are con-
structed by delaying the original binary input sequence by
ϖ time steps into the future, as illustrated for ϖ = 1, 2 in
Fig. 3(a):

ŷSTM(Tj , ϖ) = u(Tj→ω ) (1)

This results in the current output x(Tj) at time step Tj , being
used to recall the preceding input u(Tj→ω ) at ϖ steps in the
past.

For the PC task, the target vectors ŷPC(ϖ) are expressed as
the parity of the sum of the last (ϖ +1) inputs of the binary se-
quence u, as shown for ϖ = 1, 2 in Fig. 3(b). This is equivalent
to ϖ consecutive XOR (↔) operations on the input sequence:

ŷPC(Tj , ϖ) = u(Tj)↔ u(Tj→1)↔ ...↔ u(Tj→ω ) (2)
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Figure 3. Principle of (a) the short-term memory (STM) task and
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two delays ω = 1, 2. For the STM task, the input is shifted forward
in time by ω . The PC task determines the parity of the sum over the
previous (ω+1) time steps. (c),(d) With the spectral output space F ,
the output is predicted for different delays ω (continuous lines) and
is compared to the target values (dashed lines). (e),(f) Correlation
between the target and predicted output as a function of delay ω for
(e) the STM task and (f) the PC task. The colored areas yield the
respective capacities C for each task.

The reservoir’s output layer is then trained to map the ex-
perimentally acquired output matrix X to the previously de-
scribed target functions with W being the matrix of the in-
dividual output weights. For each task, the weight matrix is
trained separately:

WSTMX = ŶSTM (3)

WPCX = ŶPC (4)

To find the matrices W, the output is split into a training data

set containing 1550 pulses and a set of 400 testing pulses. The
first ten pulses are discarded to let the system settle in the be-
ginning. With the pseudo inverse of the training pulse output,
one can construct the weight matrix for each delay ω of the
STM and the PC task:

WSTM = ŶSTMX→1 (5)

WPC = ŶPCX→1 (6)

In Fig. 3(c,d), the calculated weight matrices are used to
predict the output for the STM and PC tasks based on the
test data of the spectral output space F . Note that we plot
the results as a function of absolute time t, with 14 ns long
rf pulses corresponding to one time step Tj of the binary in-
put sequence and the axis starting at the first pulse after the
training data. It can be seen that the reconstruction works rea-
sonably well for the first few delays ω , which confirms that the
magnon-scattering reservoir exhibits short-term memory and
nonlinear transformation capabilities.

This is further quantified by calculating the square of the
correlation coefficient between the predicted output yout and
the expected target output ŷout:

r2(ω) =
cov(yout(ω), ŷout(ω))

2

cov(yout(ω), yout(ω))→ cov(ŷout(ω), ŷout(ω))
(7)

where cov(x, y) is the covariance between vectors x and y. A
value of 1 for the correlation coefficient corresponds to a per-
fect prediction, while values close to 0 mean the prediction
is random. Figure 3(e,f) shows the resulting squared correla-
tions up to ω = 10 for the STM and PC tasks, respectively.
Note that at zero delay (ω = 0), the direct input is simply re-
constructed and, hence, is neglected for the further evaluation.
Therefore, the capacity of the reservoir is defined by the area
below the remaining squared correlation function shaded in
purple:

C =

10∑

ω=1

r2(ω) (8)

To systematically assess the impact of different types of
output spaces, we repeat our analysis for the spectral output
space F as well as for the temporal output space T . In addi-
tion, we further distinguish different data ranges for our anal-
ysis to better understand the origin of the reservoir’s memory
and computing capabilities, as illustrated in Fig. 4(a,b).

For the spectral output space F , we consider three differ-
ent frequency ranges [Fig. 4(a)]. First, we begin with the
full spectrum from 2GHz to 10GHz to evaluate the reser-
voir’s full potential. Second, we limit our analysis to the
frequency range from 7GHz to 10GHz. This range is clos-
est to a simple linear transformation of the input because it
only contains the directly excited modes and no nonlinear split
modes. Nonetheless, these excited modes are also influenced
by nonlinear intensity changes and frequency shifts. Third,
we choose a frequency window from 2GHz to 7GHz focus-
ing on the nonlinear split modes only. Magnons in this range
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output space dimension N independent from its type.

are purely excited by nonlinear three-magnon splitting and,
therefore, nicely capture the reservoir’s nonlinear properties.
For the temporal output space T , we make a similar distinc-
tion [Fig. 4(b)], first looking at the full time trace and then
separating the directly excited modes from the nonlinear split
modes. Additionally, we vary the bin sizes for the spectral and
temporal binning to study the influence of the output space di-
mension and allow for a more direct comparison between the
different output spaces with similar dimensions of the weight
matrices.

Figure 4(c,d) summarizes the capacities for the STM and
PC tasks which are analyzed based on the spectral output
space F . The memory capacity of the magnon-scattering
reservoir is largest when combining all modes and reaches
its maximum of CSTM = 2.59 for a bin size of 112.5MHz

[Fig. 4(c)]. Comparing the nonlinear and excited modes in-
dicates that the largest contribution to this memory capacity
originates from the nonlinear split modes. However, even the
directly excited modes contribute as evidenced by the fact that
their spectra also contain nonlinear contributions. Up to a
frequency bin size of 200MHz, the memory capacity only
changes marginally. Further increasing the frequency bins,
however, results in a significant drop in the memory capacity,

which is even more pronounced in the directly excited modes
than in the nonlinear split modes. For larger bin sizes above
1GHz, the memory is completely lost for the excited modes.

The PC task shows a similar behavior for smaller bin sizes
[Fig. 4(d)]. When analyzing the full spectrum, the nonlinear
transformation capability reaches a maximum of CPC = 2.0
for a bin size of 112.5MHz and is rather constant up to
300MHz. The nonlinear modes contribute most to the nonlin-
ear transformation capabilities of the magnon-scattering reser-
voir. Nonetheless, the performance is improved by including
the directly excited modes as well. Interestingly, for bin sizes
larger than 300MHz, the nonlinear capacity is similar when
analyzing the excited modes and the nonlinear modes sepa-
rately.

For the temporal output space T , the directly excited modes
only contain the time evolution of a 300MHz integrated win-
dow around 7.4GHz and 8.9GHz. The chosen scattered
modes are shown in Fig. 1(d) and correspond to the nine most
intense split modes. For the smallest time bin size, the mem-
ory capacity of the nonlinear modes [Fig. 4(e)] shows very
similar results to the spectral output space T . Also, it can be
seen that for the memory, the nonlinear modes contain all rel-
evant information, and adding the excited modes does not fur-
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ther increase the maximum value of CSTM = 2.54 at 2 ns bin
size. Interestingly, this is not the case for the PC task. Here,
the capacity improves when analyzing the full-time trace com-
pared to only evaluating the nonlinear response. This is sur-
prising since the system’s nonlinearity in the form of three-
magnon splitting should be more relevant for the PC task than
for the STM task. Overall, the capacity for the parity check
reaches a slightly higher maximum capacity CPC = 2.15 at a
bin size of 2 ns than for the spectral output space F .

In general, comparing the spectral and temporal output
spaces shows that the scattered modes are more important for
the metrics of the magnon-scattering reservoir but that the di-
rectly excited frequencies also contain valuable information,
whereby their inclusion in the output space improves the over-
all capacities.

Changing the bin sizes has direct impact on the number
of output features. Therefore, the different output spaces are
compared regarding their dimension N in Fig. 4(g,h). This
shows that the directly excited modes perform worse when
considered alone for the same amount of features. However,
combining both directly excited and nonlinear modes yields
better results even with a similar amount of output variables.
Overall, the performance depends not on which output space
was chosen but on the number of features when considering a
combination of excited and nonlinear modes. In addition, one
can see that too many features degrade the capacity due to too
many training weights, resulting in overfitting.

Similar results are obtained in micromagnetic simulations
for the STM and PC capacities using the output space F , as
shown in Fig. 5. As in the experiments, we observe the best
performance when the full spectrum is used to construct the

output space vector, which slightly outperforms the case when
only the nonlinear excitations are used. Overall, the capacities
for both the STM and PC metrics are very close to the exper-
imental results with maximum values of CSTM = 2.57 and
CPC = 2.37. They follow a similar decrease as a function
of the bin size and increase with the output space dimension.
This also indicates that the experimental values stem from the
magnon-scattering reservoir itself and are unrelated to possi-
ble nonlinearities of the microwave circuitry.

IV. CONCLUSION

In order to benchmark the memory and nonlinear transfor-
mation potential of a magnon-scattering reservoir comprising
a single micrometer-sized magnetic disk in the vortex state,
we have performed the short-term memory and the parity
check tasks, which are two established metrics for physical
reservoir computing devices. For this, a random binary se-
quence was encoded into two oscillation frequencies in the
GHz regime and used to excite dynamics in the magnon reser-
voir using a microwave antenna. The resulting highly complex
nonlinear scattering of the quantized magnon modes, which
gives rise to the reservoir computing capabilities, was subse-
quently measured using time-resolved Brillouin light scatter-
ing microscopy and used to define two distinct types of reser-
voir output spaces. In addition to the modal output space F ,
given by the frequency spectra averaged over the time inter-
vals of the input sequence, a temporal output space T was
used, which was constructed by directly tracking the temporal
evolution of the ten most dominant modes, averaged along a
small frequency window around the central frequency of the
respective mode. The capacity reached maximum values of
CSTM = 2.59 for the short-term memory task and CPC = 2.15
for the parity-check task which is comparable to other physi-
cal substrates [17, 19, 33].

Importantly, for the optimal output dimension, the two out-
put spaces F and T yield comparable capacities. On the one
hand, this highlights that it is not necessary to track the full
temporal evolution of the scattering reservoir to achieve the
best performance. Instead, as long as the nonlinear magnon
dynamics are sufficiently well resolved, it is equivalent to trac-
ing the time-averaged spectra of the active modes in the sys-
tem. On the other hand, the equivalence between the two out-
put spaces clearly shows that neither read-out scheme changes
the nonlinearity of the system in a relevant way. In light of
the fact that in physical reservoir computing, it can be diffi-
cult to disentangle how much capacity is carried by the (pos-
sibly nonlinear) read-out scheme, this clearly shows that the
obtained capacities in this work are dominated solely by the
nonlinear magnon interactions.
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