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ABSTRACT 

Physical reservoir computing offers a promising route to efficient edge-AI, yet most reservoir-based speech-recognition 
demonstrations still rely on microphones and digital preprocessing. Here, we report a real-time spoken-digit recognition system 

that directly processes throat vibrations by integrating a π–gel-electret mechano-electric generator (MEG) sensor with a multi- 
channel ion-gel/graphene ion-gating reservoir (IGR). The MEG, a free-deformable electret-based vibration sensor, converts 
articulation-induced throat-surface vibrations into voltage signals, which are then transformed into pulse sequences and applied 
directly to the IGR gate without any spectral or handcrafted feature extraction. Channel-dependent Dirac-point shifts, nonlinear 
electric-double-layer dynamics, and distinct relaxation behaviors in the IGR expand the one-dimensional MEG output into high- 
dimensional reservoir states, which are decoded using a simple linear classifier. This hybrid MEG–IGR system achieves an 
impressive real-time spoken-digit recognition accuracy of 96.8%, demonstrating that ion-gating reservoirs can efficiently extract 
discriminative spatiotemporal features from raw biomechanical signals. By eliminating frequency-domain preprocessing and 
enabling compact, low-power front-end computation, the approach provides a viable pathway for on-device speech interfaces. 
Beyond speech recognition, direct throat-vibration sensing opens opportunities for robust human–machine interfaces, assistive 
communication technologies, and secure authentication systems based on spoof-resistant biomechanical signatures. 
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 Introduction 

peech recognition has become a fundamental component of
odern human–machine interfaces, enabling voice-controlled
peration in mobile devices, wearables, smart appliances, and
ssistive technologies [ 1 ]. Conventional speech-recognition sys-
ems rely on microphones to capture airborne acoustic signals,
ollowed by computationally intensive digital preprocessing—
uch as Fourier-based spectral decomposition, mel-frequency
his is an open access article under the terms of the Creative Commons Attribution License, which perm
ited. 
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cepstral coefficient (MFCC) extraction, and deep neural net-
work (DNN) inference [ 2–4 ]. While these methods have led
to remarkable advances in accuracy, they remain vulnerable to
environmental noise [ 5 ] and require considerable power and
computational resources [ 6 ], making them unsuitable for low-
power edge devices. Moreover, recent advances in generative AI
have made it increasingly easy to synthesize natural-sounding
speech, raising concerns about the security and authenticity
of microphone-based voice interfaces [ 7, 8 ]. An alternative
its use, distribution and reproduction in any medium, provided the original work is properly 
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pproach to speech recognition is to measure the mechani-
al vibrations of the throat resulting from the motion of the
ocal folds and surrounding tissues during articulation [ 9–14 ].
ecent wearable silent-speech interfaces and “artificial throat”
evices have expanded this direction by employing diverse trans-
uction mechanisms—including strain-/iontronic sensors and
hotonic implementations (e.g., optical-fiber–based wearable
hotonic artificial throats)—to decode speech content and enable
ilent communication from neck-surface motions [ 15 ]. More
roadly, rapid progress in photonic biointerfaces—spanning flex-
ble optical-fiber platforms, wearable photonic wristbands for
ulse-wave–based cardiorespiratory monitoring and biometric
dentification, and chip-scale photonic sensors for cuffless blood-
ressure measurements—highlights the expanding photonic
oolbox for robust, miniaturizable physiological sensing at the
dge [ 16–18 ]. Such biomechanical vibration signals are inherently
obust against environmental acoustic noise because they do not
ely on airborne sound propagation [ 9, 12, 14 ]. Furthermore, they
eflect physiological characteristics that are extremely difficult to
poof, offering unique opportunities for secure and noise-resilient
peech interfaces. However, even when vibration or contact
ensors are employed, existing systems still depend on digital
ignal processing or deep-learning pipelines [ 9–14 ], which limit
heir suitability for compact, low-power, real-time applications. 

hysical reservoir computing (PRC) has recently emerged as
 promising paradigm for efficient edge-AI systems [ 19, 20 ].
y harnessing the intrinsic dynamics and nonlinear responses
f physical devices, PRC enables high-dimensional feature
xpansion and temporal processing with minimal computa-
ional overhead, requiring only a linear readout for training.
mong various physical reservoirs [ 21–40 ], ion-gating reser-
oirs (IGRs)—which exploit ionic gating–induced modulation
f electronic material properties—are particularly attractive for
dge-AI implementations due to their flexible material design,
ompact device structures, and strong computational capability
 41–54 ]. For integrating PRC directly with sensors to con-
truct fully physical edge-AI systems, however, the reservoir
ust additionally accommodate wide sensor bandwidths and
aintain high computational efficiency to achieve strong per-
ormance with relatively small node counts. In this context,
he ion-gel/monolayer-graphene electric-double-layer transistor
EDLT)–based IGR that we recently developed achieves excep-
ionally high performance, broad-band operation, and excellent
omputational efficiency [ 53 ]. These capabilities originate from
he ambipolar transport of graphene, which provides rich non-
inear responses, combined with multiple relaxation processes
rising from ionic motion in the gel electrolyte and the charg-
ng/discharging dynamics of the electric double layer (EDL). This
ombination yields a highly capable physical reservoir suitable
or real-time processing of time-varying sensor signals. Despite
hese advances, demonstrations of reservoir-computing–based
peech recognition have largely focused on microphone-acquired
udio and typically rely on spectral or handcrafted feature
xtraction [ 21–28 ]. In contrast, the direct processing of biome-
hanical throat-vibration signals—without frequency-domain
ransformations or feature-engineering steps—has received rel-
tively little attention. Furthermore, the behavior of ion-gating
eservoirs when driven by such vibration signals and their
uitability for real-time edge-AI implementations have yet to be
ystematically explored. 
of 12
Here, we address these challenges by integrating a π–gel-electret
mechano-electric generator (MEG) sensor [ 55 ] with a multi-
channel ion- gel/graphene IGR [ 53 ] to realize preprocessing-free,
real-time spoken-digit recognition. The π–gel- electret is a vis-
coelastic gel material made by converting π-conjugated molecules
(e.g., porphyrin [ 56 ], fullerene [ 57 ], pyrene [ 55 ], conjugated
polymer [ 58 ], etc.) substituted with branched alkyl chains into a
solvent-free liquid at room temperature, gelating them with the
addition of a low-molecular-weight gelator, and then electretizing
them through corona charging. The MEG is a free-deformable
electret-based vibration sensor in which a corona-poled π–gel
retains quasi-permanent charges, enabling sensitive detection
of throat-surface vibrations through deformation-induced poten-
tial changes while remaining intrinsically robust to ambient
acoustic noise. The resulting one-dimensional voltage stream is
converted into pulse-voltage sequences and applied directly to
the IGR gate. Through channel-dependent Dirac-point shifts,
nonlinear EDL dynamics, and distinct relaxation behaviors, the
IGR transforms this input into eight diverse current responses,
which are further expanded into a high-dimensional reservoir
state and decoded by a linear readout. Despite the MEG’s stan-
dalone recognition accuracy being only 18.2%, using this hybrid
MEG–IGR reservoir, we achieve real-time spoken-digit recogni-
tion accuracy of 96.8%, demonstrating that the IGR effectively
extracts discriminative spatiotemporal features embedded in raw
biomechanical vibration signals. By eliminating the need for
spectral analysis, hand-crafted features, or deep-learning-based
preprocessing, our approach enables a compact and low-power
physical-computing architecture suitable for on-device speech
recognition. Taken together, this study establishes an entirely
physical, preprocessing-free reservoir-computing framework for
real-time speech recognition. Beyond speech interfaces, the
demonstrated framework highlights the potential of throat-
vibration sensing and ion-gating reservoirs for wearable com-
munication devices, assistive technologies for individuals with
speech impairments, and secure authentication systems based on
biomechanical signatures. 

2 Results and Discussion 

2.1 Concept and Task Design for 
MEG–IGR–Based Speech Recognition 

Figure 1a illustrates the conceptual framework of the speech-
recognition system developed in this study, which integrates an
MEG–based vibration sensor with an IGR. Instead of a conven-
tional microphone, a π–gel- electret MEG device [ 55 ] was used
to detect vibrations around the throat (the Adam’s apple) during
articulation. The MEG converts these mechanical vibrations into
voltage signals. These raw voltage traces were transformed into
pulse-voltage waveforms at the sensor’s original sampling rate,
and the resulting pulses were applied directly to the gate terminal
of the IGR [ 53 ]. The corresponding gate, source, and drain
current responses were regarded as reservoir states and fed to a
linear readout layer to classify spoken digits. Because the IGR
nonlinearly expands the MEG signals into a high-dimensional
spatiotemporal representation, it enables accurate speech clas-
sification using only a lightweight linear model. Importantly,
this framework eliminates the need for computationally inten-
sive preprocessing such as Fourier-based spectral analysis or
Advanced Electronic Materials, 2026
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FIGURE 1 Concept and data acquisition for MEG–IGR–based speech recognition. (a) Schematic illustration of the proposed speech-recognition 
framework integrating a π–gel-electret MEG vibration sensor with an IGR. MEG output voltages are converted into pulse signals and applied to the 
IGR, whose current responses form reservoir states for linear readout. (b) Potential applications of the MEG–IGR approach, including noise-resilient 
interfaces, assistive systems for individuals with speech impairments, and secure authentication based on throat-vibration patterns. (c) Placement of the 
MEG sensor on the throat, slightly below the laryngeal prominence, for acquiring vibration signals during digit articulation. (d) Representative MEG 

waveforms corresponding to spoken digits “zer o” thr ough “nine,” demonstrating distinct temporal vibration patterns associated with each utterance. 
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andcrafted feature extraction, highlighting its potential for low-
ower, edge-AI applications. The anticipated application space
s outlined in Figure 1b . Since the method relies on throat-
ibration sensing rather than airborne sound, it naturally avoids
coustic coupling and is less susceptible to environmental noise
 9, 12, 14 ]. Moreover, the ability to track biomechanical throat
otion offers potential use for assistive interfaces supporting
ndividuals with speech impairments [ 14 ]. As generative AI
echnologies increasingly enable the spoofing of audible speech
 7, 8 ], the biomechanical nature of throat-vibration patterns—
ooted in vocal-fold dynamics and tissue motion—also suggests
pplicability for secure personal identification systems. 

o establish a dataset for evaluating the proposed framework,
he MEG sensor was attached to the speaker’s throat, slightly
elow the laryngeal prominence, as shown in Figure 1c . A
otal of 500 samples were collected by recording 50 repetitions
dvanced Electronic Materials, 2026
each of the spoken digits “zer o” thr ough “nine.” Repr esentative
MEG outputs for the ten digits are presented in Figure 1d .
Although these waveforms differ fundamentally from acoustic
speech signals—because they arise from mechanical vibrations
of the throat surface—they nevertheless exhibit clear digit-
dependent temporal patterns. The MEG used in this work is
a deformable π–gel- electret–based mechanoelectric generator,
constructed by infiltrating an alkyl-pyrene liquid gelated with
a low–molecular-weight gelator into a polyurethane nonwoven
matrix and subsequently corona-poling the structure to retain
quasi-permanent charges [ 55 ]. Mechanical deformation of the
electret layer modulates its internal and surface charge distri-
bution, thereby generating voltage fluctuations proportional to
the applied vibration. Owing to its electret-based transduction
mechanism, the MEG sensor can detect subtle biomechanical
signatures associated with articulation, providing rich temporal
information that is highly discriminative across spoken-digit
3 of 12
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FIGURE 2 Electrical characteristics of the ion-gel/graphene EDLT-based IGR. (a) Schematic illustration of the ion-gel/graphene IGR and optical 
micrograph of the multi-channel device comprising mono-layer graphene channels with different lengths (5 mm, 20 µm, 100 µm) and widths (30 and 
80 µm), all sharing a common gate electrode. (b–g) Pulsed transfer characteristics of each graphene channel measured under distinct drain biases ( VD1 
= –1 V, VD2 = –0.5 V, VD3 = –0.1 V, VD4 = + 0.1 V, VD5 = + 0.5 V, VD6 = + 1 V). Gate and drain voltages were applied as 10 ms pulses with a 1 s interval. The 
inset of (e) shows the Dirac cone of graphene, where modulation of the Fermi level EF relative to the Dirac point by the applied VG results in p -type or 
n -type behavior. 
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lasses. Details of the fabrication procedure and material com-
osition can be found in the Methods section and the prior
eport [ 55 ]. Despite the presence of such discriminative tempo-
al features, conventional speech-recognition pipelines typically
equire substantial digital processing—including spectral decom-
osition, feature extraction, and deep neural inference—posing
hallenges for low-power edge implementation. In this study, we
nstead exploit the intrinsic nonlinear dynamics and computa-
ional richness of the IGR to process raw MEG outputs directly,
ithout any explicit preprocessing. This approach allows us to
valuate the feasibility of an edge-compatible speech-recognition
evice in which a physical reservoir extracts and transforms the
emporal structure embedded in throat-vibration signals. 

.2 Electrical Characteristics of the 
raphene-Based IGR and Its Nonlinear Mapping of 
EG Outputs 

igure 2a illustrates the ion-gel/graphene IGR used as the
hysical reservoir layer in this study [ 53 ]. As shown in the
ptical micrograph inset, the device comprises multiple indepen-
ent single-layer graphene channels with different geometries—
engths of 5 mm, 20 µm, and 100 µm, and widths of 30 and
0 µm—sharing a common gate electrode. Six drain terminals
rovide six independent drain-current ( ID ) responses to a single
ate input. When a gate voltage ( VG ) is applied, mobile ions within
he electrolyte migrate toward the graphene interface and form an
DL [ 49, 59–61 ], leading to highly efficient electrostatic carrier
njection into graphene. The resulting modulation of channel
onductance is detected as the drain current. Further details
of 12

a

of the device physics underlying this ion-gel/graphene IGR can
be found in our previous studies [ 53 ]. Figure 2b–g shows the
transport characteristics of each channel. To isolate the EDL-
driven carrier injection response from slow dynamical processes
often observed in graphene transistors [ 62, 63 ], both the gate
and drain voltages were applied as pulses, and the drain-current
values at each pulse were plotted. With a pulse width of 10 ms
and an interval of 1 s, all channels exhibit characteristic V-shaped
transfer curves associated with the linear dispersion of monolayer
graphene. Such strong nonlinear transfer characteristics directly
contribute to the nonlinear mapping capability essential for
reservoir computing. To further diversify the reservoir states, each
drain terminal was biased at a different voltage ( VD1 = –1 V, VD2 =
–0.5 V, VD3 = –0.1 V, VD4 = + 0.1 V, VD5 = + 0.5 V, VD6 = + 1 V).
As evident in Figure 2b–g , the Dirac point (DP) systematically
shifts with VD , originating from the decrease in the effective
gate voltage, VG,eff = VG − VD /2. This channel-dependent DP
shift provides multiple distinct nonlinear transfer functions that
enrich the high-dimensional reservoir state space. In addition to
DP shifts, the magnitude of VD also affects the high- VG plateau
region. In graphene FETs, this plateau commonly arises from
mobility degradation under high fields due to carrier scattering
[ 64 ]. In ion-gated transistors, an additional effect emerges: pulsed
gate voltages induce EDL charging/discharging currents that
contribute to the measured gate current, and when the drain
current is comparable in magnitude, a portion of this ionic
current is superimposed on the drain current [ 41, 53 ]. This effect
is particularly visible in high-resistance channels under small
drain biases—for example, ch3 at VD = –0.1 V. Under these
conditions, relatively large negative gate pulses (approximately
–1 to –2 V) generate gate currents that are no longer negligible
Advanced Electronic Materials, 2026
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FIGURE 3 IGR processing of MEG vibration signals and class separability. (a–c) Pulse-shaped VG sequences converted from MEG outputs 
corresponding to the spoken digits one, four, and nine (upper panels), and the resulting IGR current responses (lower panels). The inset in (a) magnifies 
the gate-current spikes induced by EDL charging/discharging and the relaxation-type drain-current dynamics. (d) Conventional non-real-time LDA of 
the full time-evolution of the IGR current responses for 500 spoken-digit samples. The first two discriminant axes (LD1, LD2) yield apparent clustering of 
the ten digit classes. (e) LDA applied directly to the raw MEG sensor outputs, showing insufficient class separation. Comparison with (d) demonstrates 
that the IGR nonlinearly expands the MEG signal into a high-dimensional feature space, enabling linear discrimination. 
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ompared with the drain current. As a result, as indicated by
he purple arrow in Figure 2d , the drain current exhibits a
trong nonlinear response that resembles an apparent increase in
hannel resistance as VG becomes more negative. The coexistence
f these device-state-dependent nonlinear dynamics indicates
hat the ion-gel/graphene IGR provides a rich nonlinear basis for
eservoir computing [ 53 ]. 

igure 3a–c presents the pulse-shaped gate-voltage sequences
btained from MEG outputs for the spoken digits one, four, and
dvanced Electronic Materials, 2026
nine (upper panels), along with the corresponding IGR current
responses (lower panels). The MEG sensor operated at 500 Hz,
and the IGR was driven synchronously with 500 Hz VG pulses
(50% duty cycle). The pulse amplitude during the on-state was
set to 20 times the MEG voltage (scaled to a maximum of 4 V),
while the off-state was fixed at 0 V. During these measurements,
six drain currents ( ID1–ID6 ) and the gate and source currents ( IG
and IS ) were recorded. Thus, the IGR expands a one-dimensional
MEG input into eight-dimensional current responses that serve
as the reservoir states. As seen in Figure 3a–c , the eight current
5 of 12
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esponses exhibit distinct temporal patterns depending on the
poken digit. The inset of Figure 3a shows a magnified region
f the input–output relationship: the gate current displays spike-
ike features associated with EDL charging and discharging [ 41 ],
hereas the drain currents follow relaxation-type dynamics.
ecause each channel experiences a distinct Dirac point and non-
inear transfer characteristic due to its drain bias, the same gate
nput produces diverse current responses across channels. Under
mall drain biases (e.g., ID3 and ID4 ), gate-current-induced spikes
ppear in the drain current due to the relatively large ionic current
ontribution. Whether such spikes emerge depends on device
tate and bias conditions, introducing additional state-dependent
onlinearities that further enrich the reservoir’s computational
iversity. 

o use these current responses for real-time speech recognition,
t is necessary to sequentially extract temporal features (reservoir
tates) from them and feed these features into a linear clas-
ifier. In this way, the linear classifier can output a temporal
equence of decisions. Although the details of this real-time
peech-recognition scheme are discussed in the next section, we
irst examine the characteristics of the IGR current responses
hown in Figure 3a–c —particularly their waveform shapes—and
valuate the latent separability among classes. For this purpose,
e performed a non–real-time linear discriminant analysis (LDA)

 65 ] using the IGR current responses corresponding to all 500
peech samples. For each speech sample, all temporal points
cross the eight current responses were treated as features. As
hown in Figure 3d,e , the dimensionality was reduced to two
iscriminant axes (LD1 and LD2) that maximize the separation
mong the ten digit classes. In Figure 3d , the full temporal
urrent-response features generated by the IGR form clearly
eparated clusters corresponding to each digit. In contrast, when
DA is applied directly to the raw MEG signals (Figure 3e ), the
eparability is significantly degraded. These results indicate that
he IGR current responses shown in Figure 3a–c nonlinearly
ransform the raw MEG outputs into a representation that is
eaningful for class discrimination. Furthermore, classes that lie
elatively close to one another in this discriminant space tend
o be more difficult to classify, consistent with their waveform
imilarity. However, this LDA analysis utilizes the full time
equence of each response, making it unsuitable for real-time
peration because classification can only occur after the entire
tterance is complete. Conventional speech-recognition systems
ely on sequential preprocessing (e.g., MFCCs or cochleagrams)
 21–28 ], but these impose a substantial computational burden that
imits deployment on edge devices. To address this, we feed the
aw MEG signals directly into the IGR without any preprocessing
nd sequentially sample the resulting current responses, enabling
eal-time reservoir-state generation. This real-time spoken-digit
ecognition strategy is described in detail in the following section.

.3 Spoken-Digit Recognition Using MEG–IGR 

hysical Reservoir Computing 

igure 4a illustrates the framework of the spoken-digit recog-
ition task implemented using the MEG sensor and the IGR.
he voltage output from the MEG was converted into a 500 Hz
ulse-voltage sequence—matching the MEG sampling rate—and
pplied directly to the gate terminal of the IGR. From the resulting
of 12
eight-dimensional current responses (examples in Figure 3a–c ), a
set of NV virtual nodes was sequentially sampled within a time
window tW 

. The resulting reservoir size N was therefore ( N =
8 NV ), and the interval between successive nodes was θ. For each
time window, the reservoir-state vector x = ( x1 , x2 ,. . . , xN , 1) was
linearly transformed using a readout weight matrix W to generate
a ten-dimensional temporal output y = ( y0 , y1 ,. . . , y9 ) as follows: 

𝒚 = 𝑊𝒙 (1)

The readout weights W were trained using ridge regression with
one-hot encoded target vectors for digits 0–9, as described in
the Methods section. For classification, the temporal outputs
obtained across all time windows within a single sample were
summed to form an integrated output vector 𝒚̃ . The predicted
digit was then determined using a winner-take-all (WTA) rule
[ 21–28 ], in which the index corresponding to the maximum
component of the integrated vector was selected: Answer =
argma x𝑖 (𝑦𝑖 ) . 

Figure 4b,c summarizes the dependence of the test accuracy
on the tW 

and node interval θ, obtained from five-fold cross-
validation (400 training and 100 test samples). Under the condi-
tion θ = 500 µs (Figure 4b ), the MEG–IGR system achieved 84.2%
accuracy at tW 

= 2 ms, which increased with tW 

and saturated
at approximately 95% around tW 

= 16 ms. This improvement
stems from the fact that a larger tW 

enables the reservoir to
capture temporal correlations over longer time scales, effectively
enhancing its memory. However, increasing tW 

reduces real-
time responsiveness and—under fixed θ—increases the number
of virtual nodes, leading to higher computational cost. The
condition indicated by the black arrow in Figure 4b corresponds
to tW 

= 2 ms, where four virtual nodes were extracted per
pulse (i.e., N = 32). The corresponding confusion matrix and
test accuracy are shown in Figure 4d . Remarkably, despite the
extremely small reservoir size, the MEG–IGR system achieved
84.2% accuracy, outperforming the MEG-only baseline shown in
upper panel of Figure 4e . The MEG-only result was obtained
by directly feeding an equivalent number of points (32 points
corresponding to tW 

= 64 ms) into a linear classifier, effectively
treating the MEG sensor as a physical reservoir. The low accuracy
of the MEG-only baseline ( ≈ 18%; Figure 4e , upper panel) can be
rationalized by the LDA result in Figure 3e , which indicates that
the raw throat-vibration dynamics measured by the MEG do not
provide a representation that is readily linearly separable across
spoken-digit classes. Consequently, approaches that directly feed
the sensor output into a linear model have limited discriminative
power for this task. Importantly, however, the MEG waveforms
still embed digit-dependent information in a form that can be
exploited by nonlinear processing or suitable feature extraction.
Consistent with this, a conventional digital baseline that extracts
mel-frequency cepstral coefficients (MFCCs) from the MEG
signals and applies a linear classifier achieves a test accuracy
of 91.6% (Figure 4e , lower panel). Details of the MFCC-based
pipeline are provided in Note S1 and Figure S1 . These comparisons
highlight that the IGR functions as a compact physical feature-
expansion front end that renders the MEG signal more linearly
decodable, while avoiding conventional digital preprocessing.
The substantial improvement achieved with the IGR confirms its
ability to extract and amplify discriminative features embedded in
the MEG signal. This arises from the high information-processing
Advanced Electronic Materials, 2026
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FIGURE 4 Real-time spoken-digit recognition using the MEG–IGR reservoir. (a) Schematic of the real-time spoken-digit recognition framework. 
MEG outputs are converted into 500 Hz pulse-voltage sequences and applied to the IGR gate. From the resulting eight-dimensional current responses, 
NV virtual nodes are sampled within a time window tW 

with interval θ, forming a reservoir state vector used for linear readout. (b) Dependence of test 
accuracy on tW 

at a fixed node interval θ = 500 µs. The black arrow marks the minimal-node configuration ( tW 

= 2 ms, N = 32). (c) Dependence of test 
accuracy (left axis) and virtual node count NV (right axis) on θ at a fixed tW 

= 16 ms. Reducing θ increases temporal resolution and boosts performance, 
with the smallest θ = 27.8 µs yielding the highest accuracy. (d) Confusion matrix for the minimal-node condition ( tW 

= 2 ms, N = 32), showing 84.2% 

test accuracy. (e) Baseline results using the MEG signal without the IGR. Upper: MEG-only PRC baseline obtained by feeding 32 MEG samples directly 
into a linear classifier. exhibiting significantly lower accuracy than the MEG–IGR system. Lower: Conventional digital baseline in which mel-frequency 
cepstral coefficients (MFCCs) are extracted from the MEG signals and classified using a linear model. (f) Confusion matrix for the best-performing 
condition ( tW 

= 16 ms, θ = 27.8 µs, NV = 576, N = 4608), achieving 99.8% training accuracy and 96.8% test accuracy. 
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apacity (IPC) [ 66 ] —including nonlinear transformation and
emory—and the intrinsic high dimensionality of the IGR

 53 ]. By projecting the input into a space spanned by past
tates and their higher-order interactions, the IGR enables linear
iscrimination of spoken-digit patterns. Further details regarding
he IPC characteristics of this IGR platform are provided in our
revious studies. The confusion matrix in Figure 4d reveals that
isclassifications occur predominantly among neighboring digit
roups (e.g., 0–3 and 6–9). This is consistent with Figure 3d , where
hese digit classes occupy nearby positions in the discriminant
ubspace. Improved separability among such closely spaced
lasses can be achieved by increasing the temporal resolution of
he reservoir states—i.e., decreasing θ and increasing NV—which
nables finer sampling of the temporal dynamics of the IGR
urrents. 

igure 4c plots the dependence of classification accuracy (left
xis) and the number of virtual nodes NV (right axis) on θ at a
ixed time window of tW 

= 16 ms (corresponding to eight MEG
ulses). Across all θ, accuracies above 94% were consistently
chieved. As expected from NV = tW 

/ θ, reducing θ increases the
umber of nodes and improves classification performance by
llowing the reservoir to capture the spike-like and relaxation
ynamics of the IGR output with higher temporal precision.
he highest performance was obtained at the smallest θ = 27.8
s, indicated by the black arrow in Figure 4c , yielding 99.8%
raining accuracy and 96.8% test accuracy (Figure 4f ). Notably,
his test accuracy slightly exceeds the 96.2% accuracy recently
eported for analog in-memory computing using a memristor-
mplemented deep neural network that extracts features from the
I-46 spoken-digit dataset without digital preprocessing [ 67 ]. In
ontrast to such multilayer nonlinear architectures, the MEG–
GR system achieves comparable or even superior performance
sing only a single physical reservoir layer followed by a linear
eadout. This highlights the strong nonlinear transformation
apabilities of the ion-gating reservoir and its efficiency in extract-
ng discriminative features directly from raw sensor signals.
lthough this condition yields a relatively large reservoir size

 NV = 576, N = 4608), Figure 4c demonstrates a clear trade-
ff between reservoir size and computational performance: by
djusting θ, the accuracy can be tuned between 94.4% and 96.8%
hile varying NV from 32 to 576. Here, the number of physical
odes NP was fixed at eight, and the overall reservoir size was
uned solely by modulating NV through θ. This adjustment
orresponds to controlling how extensively the intrinsic high
imensionality arising from the time evolution of the IGR current
esponses is exploited for information processing. Figure S2a
eproduces the NV dependence of the classification accuracy
nder the fixed physical node condition ( NP = 8; equivalent to
igure 4c ), whereas Figure S2b shows the dependence on the
umber of physical nodes when NV is fixed at 576. Comparison
f these trends indicates that the number of physical nodes
xerts a larger influence on the overall performance than NV
ithin the investigated range. This suggests that the dominant
ontribution to the reservoir’s effective dimensionality originates
rom the diversity of the physical channels, arising not only
rom geometry induced variations in channel resistance (and
hus relaxation times), but also from the diversity in transport
haracteristics (i.e., nonlinearity) introduced by independently
pplying distinct VD biases. Consequently, modulating NV (i.e.,
uning θ) provides a practical knob to flexibly balance com-
of 12
putational cost and performance while maintaining a high
accuracy above 94%. 

This adaptive tunability between reservoir size and classifica-
tion accuracy is highly advantageous for edge-AI deployment.
Depending on system requirements—desired accuracy, permissi-
ble power consumption, available computational resources, and
whether training is performed on-device or in the cloud—the
MEG–IGR reservoir can be flexibly configured to operate in either
a low-resource or high-performance mode. Such configurability is
essential for practical implementations of edge-intelligent sens-
ing platforms. In addition, preliminary power characterization
(Note S2 and Table S1 ) indicates that the IGR consumes an
average electrical power of 5.09 mW under the present pulsed-
bias conditions, which corresponds to an energy cost of 3.72
mJ per word inference (i.e., the time-integrated power over one
utterance). Because the overall energy budget scales with both
the applied drain bias and the number of sampled reservoir
states, a low-power operating mode can be implemented by
simultaneously reducing the drain voltages to ∣ VD ∣≤ 0.1 V and
decreasing NV via coarser time multiplexing (larger θ, e.g., θ= 500
µs). Under this combined setting, the average power is expected to
decrease to approximately 150 µW, corresponding to ∼ 109 µJ per
word. 

Although the reservoir states and the readout outputs are
generated sequentially in real time, the final classification in
the present implementation is obtained by applying a WTA
decision to the time ‑integrated output over the entire utterance.
Consequently, an end ‑to ‑end decision latency arises until a word
is fully articulated. In our dataset, the average waveform duration
is 0.73 s; therefore, if the decision is made after integrating
the readout over the full waveform, the latency is on the
order of this duration (plus negligible computation time for the
linear readout). To explore latency reduction, we evaluated an
early ‑decision strategy in which the WTA decision is computed
using only the initial portion of each utterance. Figure S3 plots the
classification accuracy as a function of the decision time (i.e., the
length of the initial segment used for WTA). While the accuracy
is low immediately after speech onset, it increases rapidly and
reaches approximately 83% at around 200 ms. This result indicates
that the MEG–IGR system can perform fast classification before
the utterance ends by leveraging early spatiotemporal features,
providing a viable route to low ‑latency operation. To put these
results in a broader context, Table S2 provides a side-by-side com-
parison with representative PRC approaches, summarizing key
practical metrics including classification accuracy, preprocessing
requirements, power/energy consumption, and decision latency.
Overall, the MEG–IGR platform offers a competitive and highly
configurable operating space—ranging from low-resource, low-
power settings to higher-performance modes—while retaining
the ability to extract discriminative features directly from raw
sensor signals. 

2.4 Outlook 

In practical operating environments, however, the classification
task is expected to become more challenging due to noise
and motion ‑induced artifacts (e.g., sensor displacement, skin
motion, and mechanically induced baseline fluctuations). In such
Advanced Electronic Materials, 2026
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ituations, one of the most effective approaches is to incorporate,
s training data, as many samples as possible acquired under
iverse noise levels and motion conditions. By exposing the
eadout to such variability during training, the system can learn
ore invariant decision boundaries and become more robust
o real ‑world perturbations. Systematic validation of robustness
nder controlled noise and motion scenarios will be pursued as
uture work. 

s further future directions, it is important to assess scalability
eyond isolated spoken digits, including extension to different
anguages, larger vocabularies, and continuous ‑speech recog-
ition. Notably, in our framework the MEG and IGR operate
ynchronously, and the readout produces outputs sequentially
or each time window, enabling inherently streaming (real ‑time)
nference. This property is expected to be advantageous for con-
inuous recognition, where predictions can be updated window
y window and combined with temporal segmentation/decoding
trategies. At the same time, large ‑vocabulary natural ‑language
rocessing (e.g., language modeling) typically exceeds the scope
f conventional time ‑series tasks addressed by reservoir com-
uting alone. In such cases, the MEG–IGR device is anticipated
o function as a low ‑power front ‑end that extracts informative
patiotemporal features from raw biomechanical signals and
nterfaces with higher ‑level digital processors dedicated to more
omplex linguistic inference. 

nother promising direction is on ‑device learning. By inte-
rating the IGR with a high ‑performance memristive array as
n in ‑memory readout network, it may become possible to
mplement local training and on ‑device weight updates. Such
n approach could not only improve energy efficiency but
lso offer advantages in terms of privacy and security, and
nable user ‑specific personalization of the speech ‑recognition
odule. Finally, multimodal integration—i.e., combining mul-
iple task ‑specialized physical reservoir computing units—could
rovide a powerful machine–human interface for analyzing and
rocessing biosignals from a wide range of advanced sensing
evices beyond MEG. In particular, coordinated inference across
unctional RC units may help mitigate misrecognition caused
y posture changes or motion ‑induced variations in throat
ibrations. 

 Conclusion 

n this study, we demonstrated a real-time spoken-digit recog-
ition system that integrates a throat-mounted π–gel- electret
EG sensor with an ion-gel/graphene-based IGR. The MEG
aptures mechanical vibrations generated during articulation,
nd the IGR directly processes these raw vibration signals without
equiring any frequency-domain preprocessing such as MFCCs
r cochleagrams. By exploiting the intrinsic nonlinear dynamics,
igh-dimensional state expansion, and memory inherent to the
GR, the system achieves effective linear separability of speech
atterns within a compact physical reservoir. We first character-
zed the device properties of the multi-channel graphene IGR and
howed that variations in channel geometry and drain bias yield
iverse nonlinear transfer characteristics suitable for reservoir
omputing. When driven by MEG-derived pulse inputs, the IGR
roduced eight-dimensional current responses whose temporal
dvanced Electronic Materials, 2026
evolution encoded digit-dependent features with rich nonlin-
ear structure. These reservoir states enabled high classification
performance even with minimal node counts. Using only 32
nodes, the system achieved 84.2% accuracy—substantially out-
performing the MEG-only baseline—demonstrating the strong
computational capacity of the IGR. By increasing the node
sampling resolution, the accuracy further improved to 96.8% with
576 virtual nodes. The results highlight several key advantages
of MEG–IGR physical reservoir computing: (i) elimination of
preprocessing pipelines and spectral analysis, (ii) tunable trade-
off between computational performance and reservoir size for
edge deployment, (iii) robustness of throat-vibration sensing in
challenging acoustic environments, and (iv) the potential for
secure user authentication based on biomechanical signatures
that are inherently difficult to spoof. These findings underscore
the promise of IGR-based physical reservoirs as efficient and flexi-
ble computational front-ends for next-generation edge-AI sensing
devices. Future work will explore integration of the MEG–
IGR platform with on-device learning, multimodal sensing, and
broader classes of vocal and non-vocal human–machine inter-
faces, further expanding its applicability to wearable, assistive,
and secure edge-intelligent systems. 

4 Experimental Section/Methods 

4.1 Fabrication of the Gel-Electret MEG Sensor 
and Recording of Throat-Vibration Signals 

The mechanoelectric generator-electret sensor utilized in this
study was fabricated in a manner similar to a previously reported
method [ 55 ]. We keep it brief here. An alkylated-pyrene liquid
[ 55 ] was mixed with 1 wt.% of a gelator compound, N , N’ -
((1 S ,2 S )-cyclohexane-1,2-diyl)didodecanamide [ 68 ], and soaked
into polyurethane nonwoven fabric (MELTBLOWN NONWO-
VENS UC0040, Kuraray Kuraflex Co., Ltd., Japan). Corona-
discharging parameters included an applied voltage of + 80 kV,
temperature of 100◦C, heating for 30 min, and poling for 90 min.
Positive discharging was performed with a corona discharging
gun (GC90PN, Green Techno Co., Ltd., Japan). The sensors
were fabricated on polyurethane (Breath Roll BR15, Nitto Co.,
Ltd., Japan, 13 µm thick) by applying silver-plated nylon fibers
(AGposs, Mitsufuji Co., Ltd., Japan, fiber length = 3 mm), with
a piece of copper tape attached at the end to connect to the wire
(Figure 1a ) [ 55 ]. Breath Roll was also used as the polyurethane
masking layer. The flexible sensor was fixed just below the Adam’s
apple using Scotch mending tape (3 M Company, USA). The open-
circuit voltage ( Voc ) of the sensor during speech was recorded on
an oscilloscope (MT-775, MotherTool Co., Ltd., Japan) equipped
with a 1 M Ω input impedance probe. The bottom electrode of
the sensor was connected to the probe, and the top electrode was
grounded. Speech consisted of uttering each word from zero to
nine 100 times, and recording the output on an oscilloscope each
time. 

4.2 Fabrication of the Ion-Gel/Graphene IGR 

and Electrical Measurements 

Monolayer graphene grown by chemical vapor deposition (CVD)
and transferred onto a SiO2 /Si substrate (300 nm SiO2 ) was
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urchased from Graphenea (Spain). The graphene was pat-
erned by dry etching to form six independent channels:
idths of 30 µm with lengths of 5, 20, and 100 µm (ch1–
h3), and widths of 80 µm with the same lengths (ch4–ch6),
s illustrated in the inset of Figure 2a . Source and drain elec-
rodes were defined by photolithography and electron-beam
vaporation of Cr/Au (10/50 nm). The ion-gel electrolyte was
ynthesized by chemically gelling the ionic liquid 1-ethyl-3-
ethylimidazolium bis(trifluoromethylsulfonyl)imide (EMIm-
FSI). A polymer solution of poly(dimethylaminoethyl methacry-
ate) (PDMEMA) in toluene (200 µL) was mixed with EMIm-
FSI (1 mL) under stirring, followed by the addition of the
ross-linker N,N,N,N’ -tetra(trifluoromethanesulfonyl)-dodecane-
,12-diamine (C12 TFSA) (200 µL). After mixing for 30 min at
00 rpm, the solution was cast onto a Si wafer and heated at
00◦C for 15 min to induce gelation. The resulting ion-gel sheet
 ∼ 500 µm thick) was cut to size, laminated onto the graphene
hannels, and dried overnight in a vacuum chamber evacuated
ith a turbomolecular pump. A 1- µm-thick Au foil was placed on
op of the gel and used as the common gate electrode. Electrical
easurements were performed at room temperature in a vacuum
ryostat, with all device contacts made via Al wire bonding.
ate voltage pulses were applied using the pulse measurement
nit (PMU) of a 4200A-SCS semiconductor parameter analyzer
Keithley, USA), enabling time-resolved acquisition of the gate,
rain, and source current responses from all six graphene
hannels. 

.3 Readout Weight Training 

s illustrated in Figure 4a , the temporal output of the reservoir for
 given time window is obtained from the reservoir state vector
 according to Equation ( 1 ). Here we describe the procedure
sed to compute the readout weight matrix W . Let x1 denote
he reservoir state vector obtained from the first time window
f the first training sample, and x2 , x3 , . . . the vectors obtained
equentially from all subsequent time windows of all training
amples. By stacking these vectors in order, we construct the
eservoir state matrix X = ( x1 , x2 ,. . . , xM 

)T where 𝑀 =
∑400 

𝑖= 1 𝑛𝑖 and
i is the number of time windows for the i -th training sample. For
ach state vector xj , we define a corresponding teacher vector yt, j
sing a one-hot representation of the ground-truth digit label. By
rranging these teacher vectors row-wise, we obtain the teacher
atrix Yt = ( yt,1 , yt,2 ,. . . , yt, M 

)T The readout weight matrix W was
rained using ridge regression, 

𝑊 = 𝑌t 𝑋
T 
(
𝑋𝑋T + 𝜆𝐼 

)− 1 
(2)

here λ = 0.001 is the regularization parameter and 𝐼 ∈ ℝ𝑀×𝑀 is
he identity matrix. Classification accuracy was evaluated using
-fold cross-validation at the utterance (sample) level, with 400
amples used for training and 100 for testing in each split. Because
ll 500 utterances were acquired from a single speaker in a
ingle recording session under identical sampling conditions,
he train/test partitioning is not confounded by inter-speaker or
nter-session variability. Nevertheless, to further strengthen the
obustness of the evaluation and to eliminate any unintended
ias, the utterances were randomly partitioned into five mutually
xclusive folds while maintaining class balance (digits 0–9) in
0 of 12
each split. Importantly, the partitioning was performed without
overlap so that (i) no utterance appeared in both the training and
test sets within a fold, and (ii) each utterance was used as test data
exactly once across the five folds. 
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