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Time multiplexed single node reservoir
computing enabled by transient photon
magnon coupling
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We present a reservoir computing system that utilizes the transient dynamics of photon-magnon
coupling (PMC) for high-accuracy temporal data processing, specifically spoken-digit recognition,
while minimizing hardware resources. By time-multiplexing a single physical node into ten virtual
nodes, our approach achieves 89% classification accuracy, comparable to conventional systems
using hundreds or thousands of nodes. This hardware-efficient design preserves the rich nonlinear
dynamics essential for temporal processing while significantly reducing energy consumption. In
addition, the inter-node connectivity derived from the transient response of PMC requires that the total
sampling duration remains below the PMC decay time, and that the pulse interval be sufficiently small
to enable overlapping oscillations for effective time-multiplexed reservoir operation. Our results
demonstrate that this transient PMC approach can enable scalable, low-power neuromorphic
computing for IoT devices, real-time edge computing, and other resource-constrained environments.

Neuromorphic computing, inspired by the structure and function of the
human brain, aims to develop artificial systems capable of efficient, adaptive
information processing with low power consumption1,2. Within this field,
reservoir computing (RC) has attracted considerable attention due to its
ability to effectively handle temporal data by exploiting the intrinsic
dynamics of complex systems3. In a typical RC scheme comprising an input
layer, a dynamic reservoir that maps input signals into a high-dimensional
state space, and a readout layer, temporal dependencies are effectively
captured4, making it particularly suitable for tasks such as time-series pre-
diction, pattern recognition, and classification.

A wide range of physical RC implementations have been explored,
including photonic systems5–10, memristive devices11–16, and spintronic
platforms17–25. Among these, spintronic approaches offer low power con-
sumption, nanoscale integration, and robust parallel processing, thus
aligning well with the requirements of neuromorphic applications26. In
spintronic systems, the utilization of transient dynamics can allow for
computational efficiency and scalability.

Recently, the transient dynamics of photon-magnon coupling (PMC)
have emerged as apromisingmechanism forRC27.Here,magnons (quanta of
spin waves) interact with cavity-confinedmicrowave photons to form cavity
magnon-polariton states (CMP) that naturally provide the nonlinear
dynamic behavior essential for temporal data processing26. Our prior PMC-
based RC study focused on steady-state dynamics28, which prevented the

implementation of short-term memory and required complex and slow
hardware for information encoding. In contrast, utilizing transient responses
of PMC29,30 can enhance both the versatility and accuracy of RC systems31. By
operating in transient regimes, one canmore effectively capture fast temporal
features while simultaneously simplifying the underlying hardware.

Here, we report an RC system that employs the transient response of
PMC to process temporal data efficiently and accurately. By time-
multiplexing a single physical node into multiple virtual nodes5,32 and
carefully optimizing parameters such as the virtual node interval (Δτ) and
the number of virtual nodes (N), we establish the temporal correlations
between nodes needed for short-termmemorywithout requiring additional
hardware33,34. Indeed, the intrinsic decay time (τCMP) of cavity magnon-
polaritons must be sufficiently long to accommodate the chosen total
sampling duration (τ ¼ Δτ ×N), ensuring that transient oscillations do not
vanish prematurely; likewise, the pulse interval (δ) must remain small
enough for overlapping transient states, thereby strengthening inter-node
connectivity and supporting robust time-multiplexed reservoir operation.

To validate our approach, we perform spoken-digit recognition, a
benchmark temporal classification task. Our system achieved ~89% accu-
racy using only one physical node time-multiplexed into ten virtual nodes,
comparable to conventional RC systems employing hundreds or thousands
of nodes. This balance between hardware simplicity and robust perfor-
mance indicates the potential of transient PMC-based RC for scalable, low-
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power neuromorphic computing, with particular relevance for resource-
constrained scenarios such as IoT devices and real-time edge computing.

Results
Photon-Magnon Coupling in YIG/ISRR Hybrid System
Our experimental setup for investigating transient PMC response is illu-
strated in Fig. 1a. The hybrid sample consist of an inverted split-ring
resonator (ISRR) coupled to a thin yttrium iron garnet (YIG) film35. We
measured the scattering parameter (|S21|) using a Vector Network Analyzer
(VNA), sending RF signals through port 1 of the microstrip line and
detecting the output at port 2 in the frequency domain. A static magnetic
fieldwas applied in-plane at anangleϕ = 33°perpendicular to themicrostrip
axis, chosen to suppress higher-order spin-wave modes and optimize the
ferromagnetic resonance (FMR) by avoiding complex PMC results caused
by these higher-order modes36 (see ref. 36 for details).

Figure 1b illustrates the characteristic anticrossing of magnon-photon
coupled modes in the ISRR/YIG hybrid system, illustrating coherent cou-
pling between individual photon and magnon excitations. As the FMR
mode’s frequency approached thephotonmode, they exhibited anticrossing
behavior (see Supplementary Fig. 1), repelling each other to form cavity-
magnon polaritons35,37, confirming strong, coherent PMC coupling, as

shown in Fig. 1b. To understand the anticrossing dispersion observed in
Fig. 1b, we considered a simplified analytical model to describe the dis-
persion relation in the anticrossing regime. In our experiment, the damping
parameters were estimated as α = 3.2 × 10−4 for the magnon (YIG) and
β = 2.3 × 10−2 for the photon (ISRR)mode (see Supplementary Figs. 2 and 3
for details). An approximate solution for the hybrid eigenfrequencies is
given by the analytical expression in ref. 35:

ω± ¼ ωp þ ωm

2
±

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
g2 þ ωp � ωm
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whereωp andωm are the eigenfrequency of the photon andmagnonmodes,
respectively, and g is the coupling strength. By fitting Eq. (1) to the |S21|
spectra, we estimate the coupling strength g=2π = 70MHz, consistent with
the calculated result in Supplementary Fig. 3d. This pronounced antic-
rossing and the resulting hybridmodes in the PMC regime are central to the
generation of the nonlinear state spaces required for RC operations35,37.

Transient Response of Coherent Photon-Magnon Coupling
Figure 2 illustrates the PMC hybrid system’s transient response versus time
under the conditions of pulsed wave packet (a mixture of pulse and sinu-
soidal waves), as shown in the top box of Fig. 1a.We compared the coupled
and uncoupled cases under an input signal of a 3 ns-width pulse including
3.20 GHz oscillation at an externalmagneticfield of 63mT (ωm = 3.2 GHz).
This frequency-field configuration was chosen to effectively explore the
nonlinear dynamics arising fromPMC29,30. The red-color oscillations (active
PMC at Hext = 63 mT), as shown in Fig. 2, differ markedly from the black-
color oscillations (no coupling atHext = 0mT), where the oscillation signal

Fig. 1 | Experimental setup for transientmeasurement and steady-state signature
of PMC. a Schematic of the experimental setup for capturing transientmeasurement
in the PMC hybrid system. The input signal, generated by waveform and RF signal
generators, is mixed to form a pulse wave packet, and transmits into the hybrid
ISRR-YIG system. (see “Methods” for device dimensions). b Experimentally mea-
sured S21

�� �� as a function of microwave frequency and applied magnetic field (f-H
plane), illustrating the characteristic anti-crossing behavior of the PMC system.

Fig. 2 | Transient response of the PMChybrid system.The red trace (Hext = 63 mT)
exhibits sustained oscillations extending beyond the initial pulse-induced oscilla-
tions (blue-shaded region). In contrast, the black trace (Hext = 0 mT) shows rapid
signal decay. The beige-shaded region indicates the prolonged oscillation resulting
from PMC.
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decays almost fully after about 5 ns, leavingminimal residual oscillations.To
investigate how the input frequency, coupling strength, and pulse width
manifest in the spectral response, we conducted a frequency-domain ana-
lysis of the transient signal (see Supplementary Fig. 4). These residual
oscillations at Hext = 0mT are purely photonic and are unrelated to spin-
wave excitations, which require a finite bias field. In contrast, under PMC,
oscillationspersistwell evenbeyond the initial 3 ns pulsewithno subsequent
external excitation, reflecting the sustained energy exchange between
magnon and photonmodes. Time-resolvedmeasurements reveal clear Rabi
oscillations with a coupling strength of g=2π = 70MHz, corresponding to
an oscillation period of tR = 2π=g = 14.3 ns. The system retains a coherent
state for τCMP = 40 ns following the trailing edge of the input pulse, defining
a short-term memory window (Fig. 2, middle panel). This persistence is
governed by the finite decay time τCMP of the cavity magnon-polaritons,
which effectively serves as a form of short-term memory by retaining a
coherent oscillatory state without further input. In our setup, the frequency
mixing partly arises from the measurement process: using an RF mixer to
acquire the transient response combines multiple frequency components,
revealing otherwise hidden oscillations (see “Method”).

We note that there are two key requirements for effective RC: (1) a
nonlinear response to inputs, and (2) sufficient memory to capture temporal
dependencies. In our hybrid system, the coupled-mode oscillation amplitude
depends nonlinearly on the input pulse voltage (see Supplementary Fig. 5),
while the sustained oscillation in Fig. 2 provides enough short-termmemory
for tackling time-series classification tasks inRC. Indeed, in typical time-delay
RC, delayed feedback loops establish a long-termmemoryby feeding anode’s
past output as an input32, which complements other short-term memory
mechanisms. In contrast, our system does not strongly implement such
feedback loops, as the CMP decay time is comparable to the chosen total
sampling duration (τCMP � τ ¼ N ×Δτ nsð Þ ¼ 10× 4:0 = 40 ns). Instead,
the periodic oscillations effectively maintain temporal correlations to ensure
that an intrinsic short temporal memory mechanism operates within τCMP .

This intrinsic short temporal memory is especially advantageous for
temporal tasks like spoken-digit recognition and NARMA1038. In parti-
cular, spoken-digit recognition is a benchmark temporal classification
problem, dealing with the process of time-dependent audio signals. It
underpins many voice-based applications (e.g., automated call routing and
various human-computer interactions) and involves transforming raw
audio signals into discrete numeric classes. RC is well-suited for such tasks
due to its inherent ability to manage time-dependent input data. In this
study, we employ the widely adopted Free-SpokenDigit Dataset (FSDD) by
Zohar Jackson39, which provides diverse audio samples from multiple

speakers, supporting robust generalization across various pronunciations
and accents.

Time-Multiplexed Reservoir Computing
Figure 3 illustrates a schematic of the time-multiplexed reservoir computing
framework employed in this study for spoken digit recognition. In this
approach, a single physical node is expanded into multiple virtual nodes
(dotted circles) through time multiplexing, thus substantially reducing
hardware complexity40. Processing begins with an input layer that receives
raw spoken-digit signals Jðt) for digits 0, 1, 2,…., and 9. These signals are
transformed through a time-multiplexing step and segmented over an
interval Δτ. Then, a random mask matrix is applied per segment (see
SupplementaryFigs. 7 and8),whichdefines theweights fromthe input layer
to the reservoirWin. These transformed, segmented signals are sequentially
fed to the physical node, which allows the single physical node to emulate a
chosen number of virtual nodes, thus defining the reservoir dimension.
Owing to the cavity magnon-polariton-induced short-term memory,
neighboring nodes are dependent. These inter-node connections are key to
capturing temporal dependencies and are strongly regulated by the time
interval Δτ.

Although traditional delay-based RC does not strictly require τ to
be shorter than the node’s intrinsic response time5, our PMC reservoir
behaves differently. Here, strong photon–magnon hybridization gives
rise to Rabi-like oscillations and periodic energy exchange between the
two modes, with a characteristic decay time τCMP ~ 40 ns, which
delineates the interval over which coherent oscillations persist. If τ sig-
nificantly exceeds this decay time, the hybrid modes decohere and the
system transitions into a weakly coupled regime, diminishing its ability
to preserve temporal dependence. Our experiments support that
increasing τ beyond the decay interval by expanding the virtual node
count N under a fixed node spacing Δτ degrades RC performance.
Consequently, maintaining τ within the hybrid mode’s decay timescale
is crucial for optimal PMC-based RC.

In Fig. 3, the output layermaps the high-dimensional reservoir states to
the final classification output, which in this study represents digits 0 ~ 9.
During training, the output weights wi

out are adjusted to minimize predic-
tion errors, thereby learning an optimal mapping from reservoir states to
desired labels. The final output is thus computed as:

y tð Þ ¼
XN

i¼1

wi
outxi tð Þ; ð2Þ

Fig. 3 | Schematic representation of the time-multiplexed reservoir computing
framework employed for spoken digit recognition. Input spoken digits from 0 to 9
are processed through time-multiplexing within a single physical node to create

multiple virtual nodes. The resulting high-dimensional state space supports efficient
temporal data classification in an output layer. Each virtual node xiðtÞ corresponds to
a transient response sampled at t þ iΔτ, as used in Eq. (3).
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In this expression,xi tð Þdenotes the transient response at the i-thvirtual
node, corresponding to the input sampled at t þ iΔτ, where Δτ is the time
interval between virtual nodes, and i∈ [1,N]. This formulation captures the
time-multiplexed readout of the reservoir within a total sampling duration
defined by τ =N ×Δτ. The output yðtÞ thus reflects the integration of short-
term temporalmemory encoded across all virtual nodes without invoking a
physical delay line.

Figure 4 shows the signal processingworkflowand readoutmechanism
in our physical RC system, detailing how the transient output from the

single-node reservoir (Fig. 3) is transformed for an effective machine-
learning application. Indeed, the raw transient signal is inherently noisy and
contains multiple high-frequencies components, which can hinder direct
application ofmachine-learning algorithms. To address this, we employed a
three-step signal processing approach adapted from ref. 22. First, as shown in
Fig. 4b,weperformed envelope detection to extract the amplitude variations
of theRF signal. This steppreserves the essential temporal informationwhile
attenuating the dominant 3.20 GHz frequency component and other high-
frequency noise. Next, we applied a low-pass filtering with a 1 GHz cutoff
frequency. Frequencies above 1 GHzmainly consist ofmixed signals arising
from the high-frequency input pulse (3.20 GHz) and coupling-related
components (~70–80MHz), which contribute negligible information to the
learning process. This filtering step reduces high-frequency content by over
10 dB, lowering overall noise by about 60% and resulting in a more inter-
pretable waveform.

Finally, after low-pass filtering, we averaged the signal over each time-
multiplexed segment of durationΔτ [see Fig. 4c], generating a stable readout
value x. These readout values x are then combined with the output weight
matrixWout to generate the classification output y. We trainedWout using
logistic regression,which iswell-suited for classification tasks41 (e.g., spoken-
digit recognition), due to its capacity for multi-class discrimination even in
nonlinear feature space. Iterative updates ofWout further balance learning
speed and accuracy, ensuring a robust final model.

Figure 5a presents ourRC system’s classification accuracy as a function
of the number of test classes. The system attains 89% accuracy when tested
on 100 spoken-digit samples, demonstrating its ability to generalize as data
diversity increases. As the number of test samples increases from 70 to 100,
accuracy improves by approximately 12%, indicating more diverse datasets
better capture input variability.After reaching 100 test samples, the standard
deviation (~3.5%) remains relatively low, confirming stable performance
across multiple samples.

Figure 5b shows the accuracy as a function of training iterations. Fewer
than 30 iterations result in accuracy below 65%, indicating underfitting and
limited pattern learning. By 80 iterations, accuracy peaks at 89%, with a
confidence interval of ±2%, signifying stable learning and effective gen-
eralization. Beyond 80 iterations, accuracy declines to about 83% at 100
iterations, which evidence that the model begins to memorize the training
data rather than generalize from it, a common characteristic of
overfitting42,43. To clarify the subtle changes in accuracy post-80 iterations,
we introduced grid lines in Fig. 5b, highlighting a small (2–3%) but con-
sistent decline. Multiple runs confirm that this dip is reproducible,

Fig. 4 | Readout extraction from transient PMC response. a Measured transient
output response captured by a high-resolution oscilloscope, including mixed fre-
quency components and noise. b Raw transient signal (blue) and its processed form
(red) after envelope detection and low-pass filtering (cutoff at 1 GHz) to reduce
high-frequency noise and enhance essential temporal features. c Readout values,
representing each virtual node’s state, are derived from the filtered signals, forming
the input for the machine learning-based classification.

Fig. 5 | Evaluation of spoken-digit classification
accuracy. a Test accuracy as a function of the
number of test classes. Accuracy reaches 89% at 100
test samples. b Test accuracy versus iteration count.
Accuracy peaks at 89% after 80 iterations before
declining due to overfitting. c Confusion matrix
illustrates classification performance across all
digits.
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highlighting the trade-off between adequate training and overfitting in our
reservoir system.

Figure 5c shows a confusion matrix, a widely used tool for evaluating
classification tasks. The x-axis represents predicted digits, and the y-axis
denotes true digits. Each cell quantifies howmany instances of a given digit
fall into each predicted category. Dark-blue diagonal cells mark correct
classifications, while transitioning toward orange indicates increasing mis-
classifications rates. Overall, the system distinguishes digits with clearly
distinct acoustic patterns quite well. For instance, “1,” “4,” “6,” “7,” and “9”
achieve 100% recognition, demonstrating the model’s proficiency in iso-
lating unique frequency or temporal features. “7,” recognized correctly in all
16 samples, exemplifies the model’s strength in identifying acoustically
distinct digits. On the other hand, the confusion matrix also reveals the
challenge of separating digits with similar acoustic waveforms. For example,
“3” is occasionally misclassified as “0” or “6,” reflecting acoustic similarities
between these digits. A cross-correlation analysis supports this: “3” and “6”
have a correlation value of 5.9, reflecting close similarity, whereas “1” and
“9” have a much lower value (–0.21), confirming clearer distinctions.
Dataset composition can also influence overall accuracy: overrepresenting
challenging digits, such as “3” and “6,”may yield lower accuracy, whereas a
more balanceddistributionmay yield higher accuracy.We therefore adopt a
balanced dataset, where each digit is uniformly represented to ensure fair
evaluation. These findings reveal both the strengths and limitations of our
approach. Achieving 89% accuracy with a single physical node time-
multiplexed into ten virtual nodes demonstrates the system’s efficiency and
the potential for utilizing transient PMC dynamics. However, performance
on acoustically similar digits may be improved by refining preprocessing
steps or more advanced training algorithms.

Figure 6 presents how classification accuracy depends on two key
parameter variations in our time-multiplexed reservoir. Figure 6a plots
classification accuracy against the input pulse interval δ with node count
N = 10. At δ = 1 ns, output pulses can overlap substantially, enabling

stronger inter-node connections and achieving nearly 90% accuracy. As δ
increases to 5 ns, accuracy drops to roughly 80%, indicating that a weaker
overlap degrades the reservoir’s performance. Because Δτ must be short
enough to keep τ = 10 ×Δτ (ns) below 40 ns, lengthening δ too much
reduces both nonlinearity and memory in the transient regime.

Figure 6b shows results when N varies at δ = 1.0, 1.5, 2.5, and 3.5 ns,
exploring howdimensionality and pulse spacing together affect accuracy. In
this system, the virtual node interval Δτ comprises both δ and a fixed 3 ns
pulse width (limited by our instrumentation), while the total delay τ is given
by τ =N ×Δτ. Through experimental validation, we established an optimal
threshold valueof τ ¼ 40 ns (which turns out tobe approximately the cavity
magnon-polariton decay time τCMP), by employing 10 nodes and 4.0 ns
interval per node, balancingbetweennode connectivity and signal retention.

In detail, with a moderate node count (N ≈ 10) and relatively small δ,
the system attains ~90% accuracy. Fewer than N = 8 nodes result in insuf-
ficient dimensionality, while more than N = 15 yields redundancy or
overfitting at short intervals. Beyond that range, additional nodes do not
significantly enhance performance, indicating the reservoir already captures
the input signal. For δ = 1.0 ns and N = 40, accuracy drops to 78% as the
reservoir becomes overly sensitive to small input fluctuations, amplifying
noise in a high-dimensional space. In contrast, at larger intervals (δ = 2.5 or
3.5 ns), pulses do not overlap enough to create correlated states, leading to
comparatively low accuracy5. Testing beyond N = 15 at δ = 3.5 ns was
prohibited due to computer memory constraints.

From these results, three practical conditions emerge: (1) δ must
remain short enough to enable overlapping oscillations and robust inter-
node coupling; (2) N should be chosen to avoid both insufficient dimen-
sionality (two few nodes) and excessive redundancy (too many); and (3)
τ ¼ N ×Δτ should stay well below the decay time (~40 ns) to prevent the
transient amplitude from fading prematurely, thus implementing a short-
termmemory.When all these conditions are satisfied, the time-multiplexed
reservoir can fully utilize the nonlinear characteristics of PMC, thereby
supporting high performance in tasks such as spoken digit recognition.

Discussion
We establish a physical RC approach that utilizes the transient dynamics of
PMC with a single-physical-node architecture, effectively producing mul-
tiple virtual nodes through time multiplexing. By harnessing the system’s
transient response, we show that the intrinsic nonlinear behavior in a strong
PMC regime can efficiently handle complex temporal tasks. Our experi-
ments confirm that transient PMC behavior enables high-dimensional
computational states, achieving ~89% accuracy in spoken-digit recognition
with only ten nodes, which represents a substantial reduction in hardware
compared to traditional RC systems that often require hundreds or thou-
sands of nodes.

Performances are affected by the ratio between the total sampling
duration τ and the cavity magnon-polariton decay time τCMP. For instance,
Δτ = 4 ns and N = 10 (τ = 40 ns ¼ τCMP) produced optimal results, pre-
serving oscillation amplitude near 1 V. If Δτ is too short, the system
underfits, missing critical temporal features. Conversely, when τ surpasses
τCMP due to an excessive number of nodes, the weakened feedback disrupts
sequential information retention, potentially resulting in overfitting rather
than improved accuracy. By maintaining an optimal Δτ - N combination,
the intrinsic short-term memory from PMC is fully exploited, enabling
strong temporal correlations andmemory capacity withminimal hardware.

To benchmark our PMC-based RC against other spintronic RC
approaches, we compared several state-of-the-art implementations in Table
1.While other spin-based systems, such as spin-torque nano-oscillators and
magnetic skyrmion-based reservoir computing, achieve accuracies ranging
from 85% to 99.6% using 16 to 500 nodes, our single-node system achieves
comparable or higher accuracy with far fewer nodes, demonstrating the
effectiveness of transient dynamics in a strong PMC regime. For example,
phonon-magnon coupling in waveguides achieves 91.4% accuracy with 11
nodes20, suggesting that strong coherent interactions between different
excitations effectively enhance computing performance, independent of the

Fig. 6 | Classification accuracy dependence on pulse interval and number
of nodes. a Test accuracy as function of the pulse interval δ, with the number of
nodes fixed atN = 10. bTest accuracy as a function ofN for three pulse intervals (red
circles for 1.0 ns, blue triangles for 1.5 ns, green squares for 2.5 ns, and magenta
diamonds for 3.5 ns).
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specific coupling mechanism. Multilayer heterostructure ANN-based sys-
tems require 100 nodes for a similar level of accuracy19. Some designs,
including a micromechanical resonator-based RC21 reach 93% accuracy
with 400 nodes, but our system shows superior hardware efficiency,making
it particularly advantageous for low-power, compact devices. Although
various reservoir computing schemes exist, as mentioned above, our PMC
approach offers distinct advantages. Unlike photonic delay-line systems
requiring meter-scale fiber propagation, our reservoir achieves temporal
separation within a compact resonant structure, where fields are confined
rather than distributed over long optical paths. Additionally, integrating
bio-inspired pre-processing techniques such as cochlear filtering24 could
further improve discrimination between acoustically similar digits, poten-
tially enhancing task accuracy.

Overall, our study bridges high computational performance and
hardware efficiency, advancing practical, energy-conscious neuro-
morphic solutions for temporal data processing. Microwave pulses in our
system function as transient excitation carriers that drive short-lived
magnon-polariton responses for neuromorphic processing. A total of 500
input samples, each encoded as ten time-multiplexed pulses, were used:
400 for training and 100 for testing. The per-sample energy consumption
was estimated at 5.4 nJ, yielding 2.7 µJ in total. The system is implemented
using a single YIG film and an inverted SRR structure, forming a planar,
compact device with potential for on-chip miniaturization. Although the
reservoir output is currently computed externally from the acquired
waveform, magnon transistor-based devices, known for their exception-
ally low operating energy near 10−18 J, significantly below that of standard
CMOS technology (~10−16 J)44, may offer a path toward further energy
reduction. By refining and scaling PMC-based architectures further,
including their realization through integrated design circuits45, we aim to
validate their role as efficient, practical platforms for neuromorphic
computing.

Methods
Sample Fabrication
Inverted Split Ring Resonators (ISRRs) were fabricated on an RF-10 lami-
nate substrate (with a relative permittivity of 10). A copper ground plane
(thickness: 25 μm) was patterned using standard photolithography and
etching techniques common in printed circuit board manufacturing. The
substrate consisted of dielectric (0.64mm thickness) and copper layers
(0.035mm thickness). The ISRRs dimensions were designed as follows:
a = 5mm, b = 3.8mm, and g = 0.4mm, as illustrated in Fig. 1a. Numerical
simulationswere performed inCSTMicrowave Studio to optimize the ISRR
geometry. Themicrostrip line width was set tow = 0.57mm to achieve a 50
Ω impedance, as determined using APPCAD software. The (111) oriented
YIG thin films, 25 μm thick, were grown by liquid-phase epitaxy on
GadoliniumGalliumGarnet (GGG) substrates and cut to lateral dimensions
of 3.7 × 3.7mm2.

Measurement of Transient Response
To generate the pulsed RF signal, a Tektronix AFG 3242 arbitrary function
generator and a Keysight E8257D RF signal generator were employed. The
outputs were combined using a Pasternack PE44206 RF mixer to produce
the input RF wave packet. In addition, to ensure sufficient RF power for the
experiment, the signal from the mixer was amplified using an Ophir 5193E
RF amplifier prior to injection into the system.Themixingprocess produces
a different frequency fmix ¼ jf RF � f LOj where fmix represents the mixed
signal frequency, f RF is theRF signal frequency, and f LO is the local oscillator
frequency. Since f RF ≫ f LO. the mixed signal frequency is approximately
3.20 GHz.

The mixed signal was transmitted via a 50Ω SMA connector to
minimize signal loss and reflection before entering the PMC hybrid system
composedof the ISRRandYIGcomponents.An externalmagneticfieldwas
applied across the YIG thin film using an electromagnet, allowing fine-
tuning of the system’s dynamic behavior. The transient response of the
hybrid system was measured using a Keysight DSO91304A oscilloscope
13 GHz resolution, up to 40GSa/s sampling rate. TheDCmagneticfieldwas
oriented at an angle of ϕ = 33° relative to the x-axis (perpendicular to the
microstrip line) to ensure selective excitationof the ferromagnetic resonance
(FMR) mode, thus avoiding higher-order spin wave modes with non-zero
wave numbers14.

Computational Analysis Framework
We employed a time-multiplexed reservoir computing framework using a
single physical node expanded into virtual nodes via timemultiplexing. The
system’s internal dynamics, driven by photon–magnon coupling, generate
nonlinear and temporally correlated reservoir states. The output is classified
using SoftMax regression. The algorithmic details, including the reservoir
architecture, feedback dynamics, and training procedure, are provided in
Supplementary Sections S7–S9.

Data availability
Data supporting this study's findings are available from the corresponding
author upon reasonable request.
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