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Unisensory processing of interleaving 
memristive nanowires enabling multimodal 
sensing at human-scale resolution
 

Kyun Kyu Kim    1,2,5, Junhyuk Bang2,5, Munju Kim2, Juho Jeong    2, Inho Ha2 & 
Seung Hwan Ko    2,3,4 

Numerous attempts have been made to emulate the skin’s multimodal 
capabilities using different device architectures, but most suffer from slow 
response due to reactive components and limited scalability from stacking 
multiple elements, which restricts their practical use. Here we report a 
multimodal receptor based on a single memristive nanowire network that 
captures both thermal and mechanical properties of interacting objects 
through memristive switching. The device switches between thermal and 
mechanical sensing at 16 Hz, whereas its intrinsic response times reach 
submicrosecond (mechanical) and millisecond (thermal) levels due to 
the nanoscale thickness. To demonstrate practicality, we integrated the 
receptor with a wireless switching board for daily use, combined it with a 
machine learning model to identify 20 household objects with 83% accuracy 
using a single fingertip-mounted sensor, and performed multiarray 
measurements for spatially distributed sensing. This approach highlights 
the potential of memristive networks for compact and versatile multimodal 
sensing in wearable and interactive devices.

Sensory neurons exhibit multimodality, playing a crucial role in the 
efficient and robust processing of signals to create a comprehensive 
representation of the external environment1,2. Temperature and pres-
sure stimuli on the skin, in particular, serve as vital cues for discerning 
the texture and shape of interacting objects3,4. For accurate and imme-
diate perception, the spatiotemporal resolution of a sensory receptor 
is imperative, enabling the central nervous system to rapidly process 
intricate stimuli applied on the skin5,6.

Numerous attempts have been made to emulate the skin’s multi-
modal capabilities. Predominantly, these efforts have involved inte-
grating independent sensing elements for measuring the temperature 
and pressure7–9. This approach, however, necessitates a substantial 
systemic complexity to accommodate multiple materials and exter-
nal measuring units, resulting in a compromised areal resolution 

(Fig. 1a). Although some progress has been made towards integrat-
ing multimodality within a single sensory element, the prevalent 
strategies often rely on decoupling reactive components from ionic 
materials10,11 and microdome structures12,13, which inherently intro-
duces response delays.

By contrasting previous strategies, we introduce a novel multi-
modal receptor, preserving multimodal information via fluctuating sig-
nals—a principle echoing the technique in telecommunications in which 
encoding multiple data within a constrained channel capacity is vital14. 
Such interleaving mechanisms, hypothesized to be operational within 
the nerve system15–19 (Fig. 1b), have garnered experimental support20  
from observed single-neuron switching behaviour.

Our design leverages the unique properties of stretchable memris-
tive nanowire networks, featuring switchable connectivity pathways of 
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architectures to enable multimodal detection, these designs often 
suffer from mechanical or thermal sensing delays due to increased 
thickness, an issue that our single-layer design inherently avoids.

As a result, the single-layer core–shell nanowire network provides 
a higher sensing unit resolution than previous solutions (Fig. 1e and 
Supplementary Tables 1 and 2). Additionally, the submicrometre-scale 
thickness of our nanowire network facilitates quicker thermal and 
mechanical responses (Fig. 1f). These findings mark an instance of 
surpassing both mechanical and thermal resolutions of human recep-
tors, setting a new benchmark in the field.

Dynamic switching of sensing mode with 
computational analysis
The proposed sensor integrates a silver nanowire (AgNW) electrode 
with an Ag@Cu2O core–shell nanowire as the interleaved sensing 
layer. Other material candidates, such as Ag@polyvinylpyrrolidone 
and Cu@Cu2O, we conducted additional experiments to evaluate the 
memristive performance of this material. Ag@polyvinylpyrrolidone 
material shows poor retention, indicating that it is unstable for use as 
a memristive switching material. Furthermore, Cu@Cu2O materials 

shell and core (Fig. 1c). By utilizing the inherent sensitivity of the incor-
porated materials and network geometry, we have successfully created 
distinct sensory states during the switching process. This design allows 
the selective extraction of temperature and strain signals in a singular 
resistance profile, which is correlated to the inherent material proper-
ties governed by the thermal conductivity and the modulus (Fig. 1d).

The absence of other reactive components in our design ensures 
a rapid response of sensation, moving us closer to achieving an emu-
lation of the skin’s sensory efficiency. External voltage is applied to 
transition between memristive states in the nanowire, with the Cu2O 
shell representing the thermosensitive mode (T mode) and the Ag core 
corresponding to the mechanosensitive mode (M mode). A deep neu-
ral network is subsequently used to interlace these memristor states, 
enabling precise material classification.

Our design not only incorporates a fast response time but also 
exhibits a high spatial resolution. The single-layer sensor is capable 
of simultaneously detecting multiple inputs at the same location, 
addressing a key limitation of previous works in which multiple sensors 
were laterally patterned, preventing the measurement of signals from 
an identical region. Although some prior studies used stacked sensor 
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Fig. 1 | Artificial multimodal receptor. a, Schematic comparing a conventional 
multimodal sensory system alongside a neural interleaving model and our 
memristive interleaving model. Unlike the conventional system that requires 
independent measuring units for each modality, our system, inspired by the 
neural interleaving model, acquires multimodal information using a single 
measuring unit. b, Schematic of an interleaving memristive nanowire network 
sensor. c, Drawing inspiration from biological systems in which neurons 
interleave multiple signals before transmitting to the somatosensory cortex, 

memristive switching of our multimodal receptor’s sensing modes interleave 
thermomechanical signals before relaying them to a neural network.  
d, Multimodal receptor, conformally attached to the skin, captures the inherent 
thermal and mechanical properties of random objects. Inset: memristive 
nanowire network on a skin replica with a magnified view via scanning electron 
microscopy. e,f, Comparison of the present study with preceding studies in terms 
of the number of active layers and areal resolution7,9–13,28–52 (e) and characteristic 
time of heat transfer and mechanical deformation (f).
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shows memristive switching performance; however, during repetitive 
cycling, the SET curves exhibit inconsistencies with multilevel variances 
(Supplementary Fig. 1).

Ag@Cu2O core–shell nanowires are patterned on a stretchable 
polydimethylsiloxane substrate, encapsulated with a protective layer 
for enhanced durability (Fig. 2a and Supplementary Fig. 2). The T-mode 
and M-mode states are achieved through a programmed voltage pulse 
delivered to the electrodes. This process enables the capture of inter-
leaved signals by measuring the resistance during the distinct switching 
states (Fig. 2b).

The intrinsic multimodality of this sensor is attributed to 
the dynamic switching mechanism of the memristive nanow-
ires, which is driven by the connections and disconnections of 
filaments within the nanowires. As shown in Fig. 2c, the Cu2O shell 
initially forms a high-resistance state (HRS), where it also serves as a 
high-thermal-sensitivity material21. However, on applying a certain 
voltage pulse, a conductive filament forms by migrating metal ions 
across the Cu2O layer connecting the Ag cores, resulting in a transition 
to the low-resistance state (LRS). When a high current flows, a conduc-
tive filament collapses and returns to the disconnected state—the HRS.

Furthermore, the distinction between the M and T modes is ampli-
fied by the unique nanowire network geometry (Fig. 2d). In the T mode 
(or the HRS state), connections span across the Cu2O shell network. 
However, in the M mode (or the LRS state), connections are optimized 

for the shortest conductive pathway, leading to fewer overall connec-
tions (represented by the black lines). This sparse network connection 
augments its mechanical sensitivity, clearly distinguishing the differ-
ences between the T and M modes22.

A computational model that describes memristive switch-
ing dynamics has been developed (detailed in Methods and 
Supplementary Figs. 24 and 25). Incorporating Kirchhoff’s theory 
into a graph model provides insights into the network connections 
distinguishing the T mode from the M mode (Fig. 2e).

Figure 2f–i demonstrates the distinctive outputs resulting from 
each switching state. The T mode, predominantly governed by the 
p-type Cu2O shell, exhibits high thermal sensitivity (Fig. 2f ). The 
resulting experimental resistance profiles for the M and T modes 
under strain and temperature closely align with the simulation values 
(Supplementary Fig. 3).

The thermistor material constant for the T mode is deduced to be 
4,500 K (within a measurement range of 25–65 °C) following the equa-
tion, R = R∞eB/T. Even under 8% tensile strain, this sensitivity remains 
consistent, attributed to the nanowire’s percolative network. Concur-
rently, the T mode’s mechanical sensitivity under 8% strain shows a 
modest rise in resistance (Fig. 2g).

By contrast, the M mode, characterized by its limited network 
connections, shows high mechanical sensitivity with a gauge factor 
of 36 (Fig. 2h). In circumstances where fracture occurs during the 
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Fig. 2 | Dynamic switching of sensing mode. a, Schematic depicting the layered 
assembly of our multimodal receptor with core–shell nanowires (CSNWs). 
b, An equivalent circuit representation of our sensor system, which acquires 
multimodal information individually through a single-channel architecture.  
c, Schematic illustrating the memristive behaviour during switching between the 
HRS and LRS at the nanowire junctions. The charge-carrying material transitions 
from a semiconducting (Cu2O shell) to a metallic (conductive filament) state.  
d, During the switching between the T and M modes of the memristive nanowire 

network, there is a change in the network geometry. In the M mode, the 
electrodes at either end are connected through a poor network. e, An undirected 
graph of computational results in the switching dynamics of the memristive 
nanowire network shows the differences in network density at the T and M 
modes. f,g, Response of the normalized resistance in the T mode to temperature 
change (f) and strain change (g). h,i, Response of the normalized resistance in the 
M mode to strain change (h) and temperature change (i).
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M mode, switching back from HRS to LRS ensures reconnection of 
the disconnected filaments, restoring the resistance to the value 
(Supplementary Fig. 4).

Furthermore, it demonstrates thermal insensitivity due to the 
AgNW’s lower temperature coefficient of resistance (0.2 °C−1)23 (Fig. 2i). 
Contour plots derived from experimental data in the T and M modes 
show nearly vertical alignment between each state. This indicates that 
strain and temperature values can be accurately extracted from the 
intersection points of the two contour plots. This ensures that despite 
the inherent coupling, the resolution and performance of the sensor 
are maintained by enabling a precise separation of the effects of strain 
and temperature (Supplementary Fig. 5).

Analysis of memristive multimodal receptor 
characteristics
The memristive and multimodal properties of the Ag@Cu2O nanow-
ire sensor can be tuned by adjusting the shell thickness. The goal is 
to determine the best difference in supply voltage to enable a clear 
transition between SET (M mode) and RESET (T mode). Additionally, a 
Cu2O shell thickness affects the temperature sensitivity, necessitating a 
precise adjustment of the shell’s thickness. This adjustment is achieved 
by varying the concentration of the CuCl2 precursor solution; a higher 
concentration results in a thicker Cu2O shell (Supplementary Fig. 6), 
whereas an excessively low concentration causes irregular Cu2O clus-
ters to form on the AgNW surface (Fig. 3a).

The Cu2O shell thickness influences the switching characteris-
tics when applying the SET (M mode) and RESET (T mode) voltages 
(Supplementary Fig. 7)24. A low relative shell thickness (RST = dshell/dcore) 
leads to a smaller voltage difference between the modes with higher 
variability, which compromises the control over switching (Fig. 3b). 
The best control and the widest voltage margin occur at an RST of 1.5. 

However, if the RST is too high, this state cannot be switched due to the 
shell’s excessive thickness, even under 35 V.

For relative thicknesses (dshell/dcore) greater than 1.5, the longer ion 
migration distances introduce a higher energy barrier for filament 
dissolution, resulting in a higher RESET voltage and lower operation 
voltage margin. RST values below 0.7 unexpectedly exhibit higher SET 
and RESET voltages. This discrepancy arises from incomplete shell 
formation during synthesis and creating clusters. In such cases, the 
clusters prevent current flow, necessitating a higher voltage input to 
establish a sufficient voltage gradient between the memristive layer 
and core material (Supplementary Fig. 8).

Thermal sensitivity in the T mode peaks at an RST of 1.5 (with a 
B value of 4,500 K), but thermal sensitivity decreases when the shell 
is too thick, as resistance increases excessively due to the semicon-
ducting nature of the Cu2O layer (Fig. 3c)25. Here scattering effects 
are introduced, which dominate over thermally activated conduc-
tion, diminishing the impact of temperature changes on the overall 
conductivity and resulting in a lower B value. Figure 3d shows that the 
electrical resistance of the M mode remains stable over a range of RST 
values, which indicates that the mechanical sensitivity is constant. An 
RST value of 1.5 is ideal for maximizing control, thermal sensitivity and 
mechanical sensitivity.

Figure 3e demonstrates that our sensor can reliably switch 
between the T and M modes, even under challenging conditions such 
as heating to 55 °C and applying a 10% tensile strain. There’s a consider-
able margin in operational voltage, which helps maintain control over 
switching between the states even when the sensor is under heat and 
mechanical stress.

Moreover, the consistency in the SET and RESET voltages across 59 
samples, which show a normal distribution, attests to the uniformity of 
our manufacturing process (Fig. 3f). This is consistent under different 
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Fig. 3 | Characterizations of memristive multimodal receptor. a, Scanning 
electron microscopy images of Ag@Cu2O core–shell nanowires at varying 
precursor concentrations, alongside schematics of the memristive switching 
behaviour influenced by the shell morphology. Comparative analysis of control 
and sensing characteristics to the RST. b, Operation voltage margin. Data are 
represented as mean ± standard deviation (s.d.; n = 10). Error bars represent 
the s.d. c,d, B value in the T mode (c) and resistance in the M mode (d). Data are 

represented as mean ± s.d. (n = 10). Error bars represent the s.d. e, Switching 
characteristics of our multimodal receptor, showcasing a unipolar switching 
effect. f, Histogram of SET and RESET voltages during memristive switching (59 
samples), both following a Gaussian distribution. g, Retention time of T and M 
modes under a bias voltage of 1.5 V. h, Endurance characteristics of a memristive 
nanowire network undergoing over 500 switching cycles.
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densities for the nanowire, where Monte Carlo simulation results align 
closely with the experimental observations (Supplementary Fig. 9).

Our sensor also exhibits high durability and consistent perfor-
mance, maintaining a significant on/off ratio of 10,000. This reliability 
is maintained over extended periods, demonstrated by over 7 h of 
continuous measurement at a bias voltage of 1.5 V and through 500 
cycles of repeated switching (Fig. 3g,h).

Predicting objects via interleaved measurement of 
thermal and mechanical properties
The developed memristive sensor emulates the human sensory system’s 
ability to perceive fundamental material properties on initial contact. 
The sensor’s thin profile enables it to rapidly align with the object’s 
temperature profile, whereas the thick sensor shows a more gradual 
response, indicating slower thermal and mechanical responsiveness 
(Supplementary Figs. 10 and 11). As illustrated in Fig. 4a, the sensor is 
designed to discern between heat flux and material stiffness, which 
are influenced by the material’s thermal conductivity and modulus, 
respectively. High-thermal-conductivity materials exhibit a rapid 
temperature response, where such materials cause a quick increase 
in temperature on contact. Similarly, materials with a higher Young’s 
modulus are characterized by larger depth under a given indentation 
force, demonstrating their stiffness. The developed memristive sen-
sor allows it to record these temporal responses to both temperature 
changes and mechanical pressures as a distinct resistance change.

Control experiments further support that there is no signal inter-
ference between the two modes (Supplementary Fig. 12). When touch-
ing a heated object (45 °C) without applying compressive pressure, 
thermal transfer is isolated and only the T mode is activated (Fig. 4b). 
By contrast, when pressure is applied without a temperature gradient, 
only the M mode responds to the indentation force (Fig. 4c).

To better understand the capabilities of our sensor sys-
tem, we experimented with four distinct materials (Fig. 4d), each 
possessing unique thermal conductivity and modulus values 
(Supplementary Fig. 13). We postulate that information regarding 
the modulus will be captured by the M mode, whereas insights 
into thermal conductivity will be derived from the T-mode values 
(Supplementary Fig. 14). Subsequently, by feeding these interleaved 
signals (Supplementary Fig. 15) into a machine learning network, we 
can identify the material class. In Fig. 4e, the interleaving phases are 
demonstrated, showcasing the consistent differentiation between the 
T and M modes throughout a complete contact cycle.

To capture the temporal sequences of the interleaved states 
between the M and T modes, we used a long short-term memory 
(LSTM) network (Fig. 4f and Supplementary Fig. 16). The decoding 
network, which translates latent vectors to specific points in our 
two-dimensional metric space, consists of dense layers. Following 
this, the vector generated by the LSTM with the attention block is 
concatenated with the original input, ensuring retention of the signal’s 
inherent information. Finally, the dense layers transform the encoded 
latent vectors into distinct object classes. A comprehensive outline of 
the model architecture is provided in Methods.

To visualize and evaluate the results of the trained dataset, we 
applied t-distributed stochastic neighbour embedding (t-SNE)26. 
The t-SNE visualization reveals well-defined clusters in the projected 
two-dimensional space, providing insights into the relationships 
between samples and the separability of classes in high-dimensional 
space. t-SNE distinctly presents signals associated with object classes 
(Fig. 4g–i).

For a comparative analysis of our sensing system’s information-rich 
attributes, we deliberately gathered solely M-mode and T-mode signals 
from Ag and Ag@Cu2O nanowires, respectively. Figure 4g,h shows the 
embedded signal vectors in which object classes seem to be entan-
gled and indistinct. By contrast, Fig. 4i clearly differentiates object 
classes, underscoring that our interleaved sensory system captures 

both mechanical and thermal information that facilitates precise 
material-class recognition.

Figure 4j shows the accuracy of object identification provided 
by interleaved signals over single-modality signals. When utilizing 
solely mechanical or thermal signals, the accuracy saturated at 65%, 
indicating a limitation when these modalities are used in isolation. 
Conversely, the interleaved approach, which integrates both thermal 
and mechanical information, significantly improved accuracy, reaching 
95% with the same number of training epochs.

The interplay between the amount of data and identification accu-
racy is further explored in Fig. 4k. Stand-alone mechanical or thermal 
datasets, each with 1,273 data points, yielded a 65% accuracy rate. 
However, when these datasets were combined, harnessing the full 
spectrum of 1,273 data points for both thermal and mechanical signals, 
the accuracy reached 97%. In particular, the interleaved dataset, which 
incorporated both thermal and mechanical signals but with only half 
the number of data points (636), achieved a 94.53% accuracy rate. This 
result is comparable with the accuracy obtained using the full dataset. 
This evidence clearly demonstrates the computational efficiency of 
our interleaved sensing system, which maintains high accuracy even 
with a reduced dataset size. This is not only advantageous in terms 
of computational resources but also indicates the robustness of the 
sensing approach. The effectiveness of our sensor system in distin-
guishing between different objects is visually depicted in a confusion 
matrix (Fig. 4l).

Interaction with diverse objects and human-scale 
resolution array
Figure 5a depicts the process of the in-sensor interleaving mechanism 
for capturing thermomechanical information during tactile interac-
tion. Our system seamlessly alternates between the T and M modes, 
producing two distinct signals that represent the thermal and mechani-
cal properties of the object (Supplementary Fig. 17). We extended our 
results to classify a greater variety of objects by developing a portable 
wireless module. This module enables effective and stable signal trans-
mission during user interaction with objects, without interrupting the 
user’s movement (Supplementary Fig. 18).

Figure 5b illustrates the incorporation of a current-limiting diode 
to set compliance currents for the SET (0.1 mA) and RESET (3 mA) states. 
Four transistors are actively connected to switch between these states, 
where V1 controls the gate voltage for SET, V2 for RESET, V3 for T-SENSE 
after the RESET mode and V4 for M-SENSE after the SET mode. The 
detailed programming logic is presented in Fig. 5c. During transitions 
from the T-SENSE state to the M-SENSE mode, a 5-ms switching pulse 
is triggered for voltage sweeping, whereas a low voltage is applied 
between these steps to monitor resistance variance. Once the resist-
ance drops significantly, the SET mode is completed, and the system 
transitions to the M-SENSE mode for resistance measurement. The 
RESET mode operates in the same logic during contact (Supplemen-
tary Video 1).

The developed wireless measurement board is illustrated in Fig. 5d. 
It features a digital-to-analogue converter connected through an ampli-
fier to the sensor network for voltage input. The transistors actively 
switch states, with current regulated by a current-limiting diode. The 
voltage is divided by the reference resistor, and the analogue meas-
urements are transmitted via Bluetooth Low Energy communication. 
With the integration of the wireless board and sensor, efficient dataset 
collection of 20 objects (Supplementary Fig. 19) is enabled. As shown 
in Fig. 5e,f, t-SNE visualization and per-class accuracy demonstrate 
an overall validation accuracy of 83% (Supplementary Fig. 20). In par-
ticular, this performance is achieved using a unisensory platform, 
highlighting the synergistic functionality of the sensor and the wireless 
module for effective data transfer during interactions.

The ultrathin material and single-layer design allow scalability 
into multiarray configurations, achieving resolutions comparable with 
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human perception (Fig. 5g)27. To further demonstrate this capability, we 
developed a multiarray sensing platform using a custom-made board to 
multiplex incoming signals (Supplementary Fig. 21). Figure 5h shows the 
developed multiarray platform. As illustrated in Fig. 5i, a T-shaped block 
with a corrugated microheater pattern made of AgNWs generates heat 
in a T-shaped profile. The multiarray sensor successfully translates this 
temperature profile in the T mode. Similarly, in Fig. 5j, an M-shaped block is 
applied to the sensor array, and the resulting M-shaped pressure distribu-
tion is accurately measured, as shown in Fig. 5k (Supplementary Video 2).

Outlook
In this study, we have successfully designed a multimodal sensor capa-
ble of simultaneously detecting mechanical and thermal stimuli using 
a singular sensory element through the implementation of memristive 

nanowire network switching. This approach facilitates unisensory pro-
cessing, significantly simplifying the system architecture by necessitat-
ing only one type of sensory output. Crucially, the absence of reactive 
components in our design allows for rapid sensory responses, bringing 
us a step closer to mimicking the efficiency of human skin’s sensory 
system. The ultrathin material and single-layer design of our sensor 
support scalability into multiarray configurations, achieving resolu-
tions comparable to human perception. This scalability provides the 
ability to gather high-resolution sensory data at a human scale. We have 
engineered and computationally validated the memristive network’s 
ability to actively switch between the T-mode and M-mode states. The 
development of a wireless switching module seamlessly connected to 
the sensor enables direct signal transfer to the deep neural network, 
integrating memristor states to achieve precise and high-capacity 
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material classification. The varied demonstrations of our sensor’s abil-
ity to distinguish between different material properties underscore its 
broad applicability. Although our system demonstrates robust per-
formance, future improvements could be achieved by implementing 
on-device signal processing, taking advantage of interleaved signals 
with lower memory requirements. Additionally, expanding the dataset 
to incorporate multiarray signals would enhance the richness of mate-
rial information, enabling greater adaptability for the recognition 
of a wider range of materials. This technology shows great promise 
for integration into a diverse array of fields, including prosthetics, 
wearables and soft robotics.

Online content
Any methods, additional references, Nature Portfolio reporting summa-
ries, source data, extended data, supplementary information, acknowl-
edgements, peer review information; details of author contributions 

and competing interests; and statements of data and code availability 
are available at https://doi.org/10.1038/s41563-025-02373-w.
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Methods
AgNW synthesis
AgNWs were synthesized using a modified polyol method. Initially, 
0.4 g of polyvinylpyrrolidone (Mw, ~360,000) and 0.5 g of silver nitrate 
(AgNO3) were dissolved in 50 ml of ethylene glycol under magnetic stir-
ring (300 rpm) for 30 min. Then, 800 μl of CuCl2·2H2O solution (3.3 mM 
in ethylene glycol) and 800 μl of CuBr2 solution (1.68 mM in ethylene 
glycol) were pipetted into the solution. After ensuring complete disso-
lution of all substances, the magnetic stirrer was removed. The mixture 
was then heated to 150 °C and was maintained for 60 min until the solu-
tion became olive grey in colour. When the growth was finished, 200 ml 
of acetone was added to the resultant solution to aggregate AgNWs, 
and it was purified by dispersing in ethanol and centrifuging at 1,850g 
for 10 min. This purification process was repeated three times. For the 
electrode, the AgNW solution was redispersed in ethanol to a concen-
tration of 0.1 mg ml−1, and for the Ag@Cu2O core–shell nanowire, the 
AgNW solution was redispersed in deionized water.

Synthesis of memristive Ag@Cu2O core–shell nanowire
For the synthesis of Ag@Cu2O core–shell nanowires, the method-
ology was adapted from previously established procedures for 
Au@Cu2O core–shell nanomaterials, with certain modifications 
(Supplementary Fig. 22)53. The synthesis began by mixing 3 ml of the 
previously prepared AgNW solution, 1 ml of 0.01-M CuCl2 solution, 
0.8 ml of 0.45-M sodium dodecyl sulfate solution and 0.6 ml of 1-M 
NaOH solution in 28.7 ml of deionized water under magnetic stir-
ring. After stirring for 3 min, 1.5 ml of 0.2-M NH2OH·HCl solution was 
pipetted, and the Cu2O shell grew for 10 min. The Ag@Cu2O core–
shell nanowires were cleaned using acetone via centrifugation at 450g 
for 10 min, then redispersed in ethanol and further cleaned through 
repeated centrifugation under the same conditions.

Fabrication of memristive multimodal receptor
The sensor fabrication involved several sequential steps. First, poly-
dimethylsiloxane was spin coated onto a glass substrate and subse-
quently annealed. For electrode preparation, the AgNW solution was 
deposited using the vacuum filtration method. A pulsed ultraviolet 
laser system was then used for forming the sensing channel and cut-
ting the sensor. In the first step, the laser ablated a 60-μm section of 
the AgNW electrode. This ablated channel was subsequently filled 
by repeated vacuum filtration of Ag@Cu2O core–shell nanowires. 
Then, the sensor was achieved by cutting the polydimethylsiloxane 
substrate with the ultraviolet laser. A detailed schematic is provided 
in Supplementary Fig. 23.

Simulation modelling for a memristive nanowire network
To evaluate the electrical conductivity of a randomly dispersed 
nanowire network, the graphical theory approach is adopted 
(Supplementary Figs. 24 and 25)54,55. Our methodology involves the 
random percolation of 150 nanowires, onto a two-dimensional rec-
tangular plane (60 μm × 60 μm). Subsequently, the adjacency matrix 
(A) and the incidence matrix (I) are derived for capturing the topol-
ogy of the nanowire network. Edges represent the resistance of the 
nanowires and junctions, whereas nodes represent the percolation 
and potentials of each point. The correlation between the total cur-
rent and total voltage across the entire network follows Ohm’s law 
and Kirchhoff’s law. Therefore, the total resistance can be calculated 
by the equation Vi = L (L is Laplacian matrix L = ICIT) with boundary 
conditions of input and output current flow at both ends of electrodes 
(i(o) = 1, i(N) = −1). Furthermore, a specific voltage is obtained by the 
gradient descent method. On the basis of this method, the behaviour 
of electrical resistance of the memristive nanowire network under a 
continuous voltage sweep is observed. In particular, only Ag–Cu2O–Ag 
junctions have memristive properties, which are modelled by a power 
law incorporating the threshold voltage for filament growth. Graph 

theory is used to compute the potential gradient across all the nanowire 
network junctions, as outlined earlier. Each junction’s current flow, 
which is backtracked by potential gradient and junction resistances, 
updates the electrical resistance of the Ag–Cu2O–Ag junction. This 
process is repeated during the voltage sweep to monitor the resistance 
change behaviour (Supplementary Video 3).

Measurement of memristive properties and sensor response
A custom-made LabVIEW program (ver. 15.0.1) and source meter (SMU 
2450, Keithley) were used for the measurement of memristive proper-
ties and sensor response. During the measurement, the pulse period, 
voltage and compliance current were precisely controlled. For the 
measurement of electrical signal during interaction with objects, a 
high-resolution linear actuator and a digital source meter were used. All 
experiments were performed in strict compliance with the guidelines 
of the Institutional Review Board (IRB) at Seoul National University (IRB 
number 2304/002-006).

Learning for object recognition
We used a sliding time window of size 32 across the data sequence; 32 
frames of consecutive sensor values were regarded as a single input. 
A second-order low-pass Butterworth filter is applied to eliminate 
high-frequency noise and preserve relevant features. Moreover, to 
enhance the model’s generalization, we applied data augmentation to 
the training set. This includes random scaling of the signal amplitude, 
with scaling factors in the range of 0.9 ≤ scale ≤ 1.1. For pretraining, we 
divided the dataset into training and test subsets at an 8:2 ratio. During 
data preprocessing, min–max normalization was applied to the sensor 
signals to reduce environmental noise.

Our neural architecture features a six-layer LSTM network 
(encoder) and a three-layer dense network (decoder), with an input 
dimension of 2. Separate inputs accommodate interleaved signals 
from both M and T modes. Each frame from the 32-frame input was 
sequentially processed by LSTM units, resulting in a 128-dimensional 
hidden vector. Three trainable gates in each LSTM unit controlled 
information flow between the cells, preventing the gradient vanishing 
problem and enriching the information received by the dense layers. 
Then, the output of the LSTM is conveyed to the attention layer, to 
capture dependencies over the time window. The decoding network 
is composed of three layers of dense layers that finally predict the 
object classes.

Subsequently, the produced 128-dimensional vector is concat-
enated with the original input, forming a 192-dimensional vector, 
to preserve the original temporal information of the signal. A 30% 
dropout was applied across all the layers to prevent overfitting and 
a rectified linear unit served as the activation function for these lay-
ers. We implemented the network using the PyTorch deep learning 
framework, and the network was trained using the Adam optimizer 
with a learning rate of 10−4. We used CrossEntropy as the loss function 
to train our network.
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