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Neural reuse can drive organisms to generalize knowledge across various tasks
during learning. However, existing devices mostly focus on architectures
rather than network functions, lacking the mimic capabilities of neural reuse.
Here, we demonstrate a rational device designed based on ferroionic
CulnP,Sg, to accomplish the neural reuse function, enabled by dynamic allo-
cation of the ferro-ionic phase. It allows for dynamic refresh and collaborative
work between volatile and non-volatile modes to support the entire neural
reuse process. Notably, ferroelectric polarization can remain consistent even
after undergoing the refresh process, providing a foundation for the shared
functionality across multiple tasks. By implementing neural reuse, the classi-
fication accuracy of neuromorphic hardware can improve by 17%, while the
consumption is reduced by 40%; in multi-task scenarios, its training speed is
accelerated by 2200%, while its generalization ability is enhanced by 21%. Our
results are promising towards building refreshable hardware platforms based
on ferroelectric-ionic combination capable of accommodating more efficient

algorithms and architectures.

Brain-inspired computing, as an emerging computing paradigm, aims
to develop an efficient computing system by learning from the struc-
ture and functions of biological nervous systems. Within this field,
neuromorphic devices based on memristors, are regarded as impor-
tant components for constructing brain-like computing systems. They
can utilize distinct memristive mechanisms to mimic various forms of
biological plasticity. However, these prototype devices primarily focus
on implementing the functionalities of individual neurons or
synapses'. Thus, they lack the bionic capabilities of some important
network-level properties, particularly the reusability of neural circuits
in biology. According to neural reuse theory>’, neural circuits estab-
lished can be redeployed to different uses, without losing their original
functions (Fig. 1a). This intrinsic mechanism drives organisms to gen-
eralize knowledge across various tasks during learning, rather than

starting anew each time. Predictably, achieving this property in neu-
romorphic hardware will enable adaptable repurposing of the existing
components across various tasks, thereby allowing for performing
more tasks with greater resilience and lower resource consump-
tion (Fig. 1b).

However, it poses a significant challenge for memristor-based
neural networks. As shown in Fig. 1b, it requires the network to
accommodate two distinct yet related functions (refresh from source
model to task model) while ensuring their respective stability and
mutability. This seemingly contradictory yet interrelated property
bears a resemblance to the volatile and nonvolatile characteristics
exhibited by memristors. This led us to contemplate integrating the
complete memristive dynamics process of the memristor into a unified
framework. Specifically, the stable source model and the tunable task
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Fig. 1| The hardware implementation schematic of neural reuse, alongside the
illustrative diagram of the reconfiguration and refresh strategies. a Schematic
of neural reuse, where shared original neural circuits are specialized across multiple
tasks through redeployment (blue arrow) and restoration (red arrow) processes.

b Schematic hardware implementation of neural reuse, encompassing the refresh
and restore process, along with the cyclic configuration between source model and
task model. ¢ Schematic of the reconfiguration strategy and the refresh strategy. It
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encompasses characteristics of switching between volatility and non-volatility, as
well as the allocation of them across diverse tasks. d Schematic of the refreshable
memristor proposed in this work. The left and right sides of the diagram represent
the energy barriers that need to be crossed for ferroelectric polarization reversal
and ion migration, respectively. The dynamic allocation of order-disorder phases in
CulnP,Se allows for the circular configuration of two distinct memristive mechan-
isms within a single material.

model can be constructed based on the non-volatile and volatile states
of a single device, respectively. Then, through cyclical configuration
between the different working modes, refresh and restoration opera-
tions are accomplished (Fig. 1b).

Given that, utilization of memristor reconfiguration strategy
appears to be a possible solution. However, as illustrated in Fig. 1c,
current research on reconfiguration solutions has primarily focused on
controlling the conversion between volatility and non-volatility, which
is leveraged to handle different types of tasks separately™* . Thus,
despite possessing switchable working modes, a single device typically
can perform only one mode within one task. This restriction, which
divides application scenarios based on memristive properties, has
hindered the sharing of general knowledge (represented by non-
volatility) across different tasks. Therefore, there is a pressing need to
explore a targeted refresh strategy, wherein the volatility and non-
volatility of a single device can collaborate on the same task, and its
non-volatility can be utilized across multiple tasks. As shown in Fig. 1c,
this requires the memristor to possess both two distinctive char-
acteristics: firstly, non-volatility always appears earlier and serves as
the foundation of volatility; secondly, non-volatility remains consistent

both before and after mode switching. The former ensures that the
non-volatile function can be refreshed with seamless conductance
changes, while the latter ensures its continued utility across multi-
ple tasks.

Albeit a significant challenge, the growing demand for searching
innovative memristor materials and mechanisms, the blooming of two-
dimensional (2D) layered materials with an atomically thin nature and
intriguing physical properties provide a promising material family’.
Among them, the exceptional current manipulation capabilities of van
der Waals ferroionic CulnP,S¢ (CIPS) position it as a highly potential
candidate (Fig. 1d). Within this typical room-temperature order-dis-
order ferroelectric semiconductor, the displacive instability of copper
(Cu) leads to two intriguing properties of CulnP,Se: ferroelectricity,
characterized by off-center ordering'®", and ionic conduction, char-
acterized by long-range migration disordering™ . For ferroelectricity,
its electric dipoles primarily arise from the displacement of Cu* ions
within the crystal lattice. Below the Curie temperature, spontaneous
ordering of electric dipoles produces macroscopic polarization that
can be switched by an external electric field”. This polarization exhi-
bits excellent retention and has found widespread applications in
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devices such as ferroelectric diodes and ferroelectric tunnel
junctions®. On the other hand, Cu* ions also exhibit ionic conduction
through incoherent, long-range motion'*". This behavior is facilitated
by, and can itself generate, atomic disorder™. And it typically requires
an electric field for sustainment, forms the basis of the volatile mem-
ory. Intriguingly, the ordered site serves as both the initial site for this
reversible ion motion and its stable site after relaxation, which bears a
great resemblance to the mechanism of neural reuse. Given that fer-
roelectric polarization and ion migration in CIPS share a common
origin, as they are essentially mere reflections of the order-disorder
dynamics of Cu” ions™, this dual memristive mechanism is expected to
be highly integrated into space and perform refresh without reconfi-
guration constraints.

Here, we proposed the concept of the refreshable memristor and
constructed the device based on the vertical structure with a MoS,/
CIPS/MoS, configuration. Electrical characterization validates its
capacity to execute multi-state operations in both ferroelectric
polarization and ion migration working modes. Moreover, the ferro-
electric state can remain consistent before and after multiple rede-
ployments, which is completely different from existing
reconfiguration solutions and aligns seamlessly with the crucial
requirement for neural reuse. Furthermore, transfer learning, by
leveraging parameter sharing to apply general knowledge across var-
ious downstream tasks'**°, can be regarded as a concrete application
of the concept of neural reuse in algorithms. This renders transfer
learning well-suited to evaluating the device’s capability to mimic
neural reuse. Simulation results based on realistic refreshable device
properties show that our device characteristics are sufficient to fulfill
the requirements of neural reuse. Compared to the randomly initi-
alized model, repurposing the well-trained source model can yield an
accuracy improvement of over 17% while requiring only 60% of the
cost for the same duration of training. In multi-task scenarios, neural
reuse can accelerate the training speed for new tasks by up to 22 times,
effectively enhancing its generalization ability by over 21%. These
results indicate that leveraging the distinctive refresh capability of our
devices can mimic neural reuse mechanism, thereby narrowing the gap
in cognitive ability between memristor-based neural networks and
biological nervous networks. Crucially, leveraging this network-level
property as the inner driving, this refreshable device empowers
memristor-based neural networks to accommodate more efficient
algorithms and architectures, thereby substantially expanding the
upper limit of their applications.

Results

Refreshable device performance with dual memristor
mechanisms

Due to the characteristic properties of ferroionic materials, in addition
to electron carriers, Cu® ions also play a role in the electrical transport
of CIPS materials. To detect electrical effects arising from different
motions of Cu*ions, a schematic illustration of the memristor design is
presented in Fig. 2a. The van der Waals (vdW) ferroelectric material
CIPS (82nm thick, with structural information and piezoresponse
force microscopy characterization shown in Supplementary
Fig. 1 and 2, respectively) and few-layer MoS, are vertically assembled
into a semiconductor-ferroelectric-semiconductor (S-FE-S) archi-
tecture. And the top semiconductor layer is equipped with h-BN and
graphite, constituting a metal-insulator-semiconductor field-effect
transistor (MISFET) simultaneously (Supplementary Fig. 3a). Lever-
aging the gate-tunable carrier density of few-layer MoS,, a specific
band alignment between MoS, and CIPS can be realized through gate-
programming, which broadens the capability of tuning the device’s
electrical characteristics. In addition, to ensure the integration of
neural reuse within memristor-based neural networks, we investigated
the device from the following three aspects. (1). The device can work
under two memristive mechanisms with different conductance

retention characteristics. (2). Both mechanisms possess the capability
to emulate the plasticity of biological synapses (Fig. 2b), including
both long-term potentiation (LTP) and long-term depression (LTD)*.
(3). The non-volatile device state can be further refreshed by config-
uring it to the volatility mode. Meanwhile, it can also be restored to its
source state when reconfigured back.

Given the source model as the foundation for neural reuse, and its
imposition of requirements on the non-volatility of the memristive
device, we first examined the performance of our device working in
ferroelectric polarization mode. As illustrated in the upper panel of
Fig. 2c, when the Fermi level of the semiconducting MoS, layer is
situated in the conduction band, the capability for electron transport
between the source and drain is regulated by ferroelectric polariza-
tions, inducing a change in memristive performance. Via applying of
pulsed train for tuning the polarization switching, the memory window
of a typical MoS,/CIPS/MoS, vdW ferroelectric memristor is shown in
Fig. 2d. The /-V curve shows a counter-clockwise hysteresis loop as a
function of the applied voltage pulse train, consistent with the ferro-
electric polarization switching. The ferroelectric memristor shows an
on/off ratio of up to 10* upon the polarization switching. In addition,
examining the transfer properties of top-layer MoS, (Supplementary
Fig. 3) confirms that under varying ferroelectric polarization states, the
MoS, serving as the device electrode will be doped with different
degrees of induced charges. It also implies that the domain switching
ratio of the ferroelectric polarization in the channel can be tuned to
modify the average barrier height of the channel, thereby obtaining
more conductance states. And that provides the possibility for the
device to emulate synaptic plasticity when working in ferroelectric
polarization mode.

Upon the application of a series of designed voltage pulses, the
device successfully emulates long-term potentiation (LTP) and long-
term depression (LTD), featuring a broad range of adjustable states
with well cycle stability (Fig. 2e). Moreover, those distinct states both
exhibit superior non-volatility. Figure 2f demonstrates retention
measurements within 120 s for 16 distinct conductance states (a single
cell with 4 bits memory capacity, obtained by varying pulse ampli-
tudes). The differences among any resistance states are clearly separ-
able and exhibit good stability. Additionally, supplementary Fig. 5
shows the retention of up to 10°s for five representative resistance
states in the device, displaying more than two orders of magnitude of
switching ratio. Analogous to retention performance, cyclic endurance
property is also a critical parameter for electronic synapses. Supple-
mentary Fig. 6a demonstrates the good switching capability of the
device in at least 10* cycles of erase and write operations when working
in ferroelectric polarization mode. The on/off ratio is stable at three
orders of magnitude.

To facilitate refresh function for tunable downstream tasks, the
device necessitates an additional, more variable memristor mechan-
ism. Thus, we turned to evaluate the device performance when work-
ing in ion migration mode. As illustrated in the lower panel of Fig. 2c,
when the applied gate voltage leads to a decrease in carrier density in
the MoS; layer, even though the ferroelectric polarization has reduced
an extra barrier for electron migration, the current flow in the channel
almost vanishes. This deliberate restriction on the electron transport
induced by ferroelectric polarization can highlight the electrical
property changes caused by ion migration. As migrated Cu® ions gra-
dually accumulate in the contact region of CIPS and MoS,, which fur-
ther leads to a decrease in the potential barrier of CIPS in this region,
significantly regulating the device conductance. Here, to promote the
sufficient migration of Cu® ions, a DC voltage sweep was applied to
validate this mechanism (Raman spectroscopy characterization shown
in Supplementary Fig. 7). Figure 2g depicts the hysteretic /-V curve of
the device when a fixed voltage of -4 V is applied to the gate. During
the bias voltage sweeping from O to 3 V (from O to -3 V) with a step of
0.01V, the current almost keeps at a constant value of 40 pA for the
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Fig. 2 | The vdW ferroelectric memristor device structure and the ferroionic
electrical property of CulnP,S,. a Schematic of the vertical heterojunction inte-
grating the functionality of the MoS, / CulnP,S¢ / MoS, memristor and MIS-FET.
b Schematic of neurons and chemical synapses. ¢ The energy band diagram of the
device in both high resistance state (HRS) and low resistance state (LRS), depicting
ferroelectric polarization mode (upper) and ion migration mode (lower), respec-
tively. d The demonstration of the memory windows of a typical S-FE-S memiristor.
The red arrows indicate the current measured via applying the voltage pulse train
(shown in the inset). e The LTP and LTD measured under the ferroelectric polar-
ization working mode. Here, the 40 set (30 reset) pulses are organized into a group,
with the voltage ranging from 7 Vto 14.5V (-5 V to —6.6 V) in fixed intervals of 0.5V
(-0.1V) between distinct groups. Each pulse had a duration of 0.01 s, followed by an

interval of 0.4 s with no voltage. Finally, each state was assessed as shown in Sup-
plementary Fig. 4. f Retention characteristics of 16 distinct ferroelectric polariza-
tion states. The different states were obtained by the same excitation pulses as in
(e). g I-V characteristic of the device while applying a fixed gate voltage of -4 V. The
blue arrows denote the switching direction. h The LTP and LTD measured under the
ion migration working mode. The bias voltage was programmed by a series of set
pulses (-1.5V, 0.2 s) followed by a series of reset ones (0.22V, 0.4 s) and each
excitation pulse is accompanied by a fixed read pulse (-0.6 V, 0.1s). i The evolution
trend of current with time in different states under a fixed read pulse sequence.
Here, distinct ion migration states were achieved utilizing the same pulse pattern as
in (h), but with varying numbers. The inset is the replotted segments within the
range of 45s.

bias smaller than 1.5V (-1V), and then increases exponentially from 1.5
to 3V (from -1V to -3 V). This trend in the evolution of conductance
with the electric field can be attributed to the accumulation or dis-
persion of Cu* ions at both ends of the channel, resulting in a reduction
or increment of the interfacial barrier, respectively. This causes the
device to exhibit current rectification behavior like p-n junctions or
Schottky barriers, as observed in our device (Supplementary Fig. 8).
This synergistic contribution of Cu* ion migration and the interfacial
Schottky barrier can be further variably regulated by programming the
bias voltage to the pulse form (Supplementary Fig. 9). In addition, this
capability of electrical characteristics can be further expanded
through gate-programming (Supplementary Fig. 10), allowing specific
band alignment between MoS, and CIPS to meet the varying require-
ments of the device’s conductance level for different tasks.

This dynamic regulation capability of the device conductance
creates favorable conditions for emulating synaptic plasticity. As
shown in Fig. 2h, the consistent trend of device conductance evolution
over 20 cycles indicates the good applicability of the ion migration
working mode in emulating synaptic behavior. Furthermore, with the
more elaborate design of excitation pulses for ion migration working
mode, the device exhibits exceptional stability for over 120 cycles of
LTP-LTD conductance changes (Supplementary Fig. 6b). Unlike stable

macroscopic polarization, when the external electric field is smaller
than the built-in electric field resulting from the ion migration,
migrated Cu’ ions tend to spontaneously return to the origin lattice,
leading the conductance to relax to its initial state”. As shown in Fig. 2i,
a series of pulses was initially applied to induce Cu* ion migration for
varying low-resistance states of the device. Subsequently, a series of
pulses with a period of 1.5 s, where OV is applied for 1.4 s and -0.6 V is
applied for 0.1 s, were used to detect the evolution trend of the device
conductance. As anticipated, the influence of migrated ions on the
barrier noticeably decayed when no bias voltage was applied and
eventually disappeared after 45 seconds. Notably, the effect of inter-
face defects on the volatile state can be considered negligible (Sup-
plementary Fig. 11).

Thus far, selective control of the device’s working mode has been
achieved through precise pulse engineering. Short, high-amplitude
pulses predominantly influence ferroelectric polarization, while
longer, lower-amplitude pulses primarily drive ion migration. Beyond
differences in on/off ratio and retention capabilities, the opposite
shifts in the transfer curves provide further experimental evidence
distinguishing them (Supplementary Fig. 12). In addition, the tunability
of dual memristive mechanisms has also been verified in devices with
varying CIPS thicknesses, as shown in Supplementary Fig. 13. The
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-1.5V followed by a 0.1 s read voltage at -0.6 V.) and spontaneous relaxation (deep
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polarization states were determined via 20 pulses with a period of 35, where 0 V is
applied for 2.8 s and -0.6 V is applied for 0.2 s (deep red dots). The subsequent
ferroelectric polarization states (light blue dots) were determined by 100 pulses
with a period of 0.6 s, where 0V is applied for 0.5s and -0.6 V is applied for 0.1s.
¢ The normalization of the data marked by blue dots in (b). d The dependence of
the maximum current (/°°) induced by the ion migration process on the corre-
sponding initial current (/¢.,) induced by ferroelectric polarization. e The energy
band diagram of the device during ion migration process at distinct ferroelectric
polarization states, where a is the distance between two adjacent, equivalent lattice
sites, £ is the electric field and e is charge.

above results indicate that our device can work adaptably under the
ferroelectric polarization and ion migration mode, respectively. And
those memristive mechanisms with different retention characteristics
all exhibit good applicability in emulating LTP-LTD characteristics.
Overall, our device shows enormous promising potential in integrating
neural reuse with memristor-based neural networks.

Examination about refresh ability

A refreshable memristor should possess two key properties: refresh
and restoration. To confirm the refresh capability of the device, Fig. 3a
illustrates the emulation of synaptic potentiation and depression
behaviors achieved by cyclically configuring the device to ion migra-
tion mode, after every two induced ferroelectric polarizations. Across
at least 4 cycles of the redeployment, the device exhibits consistent
conductance changes in its respective working modes and well-
defined independence between different working modes. This sug-
gests that the motion extent of ferroionic can be precisely regulated
solely by adjusting the amplitude and period of the excitation pulse,
enabling the realization of both volatile and non-volatile working
modes within a single device. Crucially, the experimental results
demonstrate that redeployment does not compromise the perfor-
mance in any given working mode of the device.

This refresh ability was further examined for its applicability in
neural reuse across multiple tasks, with a focus on assessing the
restoration capability of the device before and after the refresh. As
illustrated in Fig. 3b, after undergoing repeated cycles of ion migration
and spontaneous relaxation, the various current states programmed
via the ferroelectric polarization remain consistently stable. It suggests
that our device meets a crucial requirement for the integration of
neural reuse with memristor-based neural networks, that is, the non-
volatile state can be refreshed during repurposing and restored
afterward. Figure 3¢ shows the normalization of all ion migration and
spontaneous relaxation processes presented in Fig. 3b. Notably, the
nearly coincident normalization results indicate a nearly uniform

regulation in the interfacial Schottky barrier caused by long-range ion
migration, even across varying polarization-induced states. More
interestingly, as illustrated in double natural logarithmic coordinates
shown in Fig. 3d, the maximum current /%° (the current after 60 vol-
tage pulses excitation) induced by the ion migration process exhibits a
linear dependence on its corresponding initial current /¢, induced by
ferroelectric polarization (See Supplementary Text 1 and Supplemen-
tary Fig. 14 for the detailed explanation). This suggests that once the
conductance state under the ferroelectric polarization working mode
is determined, it is feasible to deduce the conductance evolution
process after switching the device into ion migration working mode. It
should be noted that these experimental results rely on a premise, that
the disordered ferroionic has adequately reverted to its ordered state
after undergoing long-range motion. This restoration can occur either
spontaneously or be accelerated by the application of the voltage
pulse (Supplementary Fig. 15).

The above phenomena could be understood through the fine
allocation of ion migration and ferroelectric polarization. Owing to the
relatively short duration (0.2s) and low voltage (-1.5V) of the pulse
excitation, the quantity of migrated Cu® ions is quite restricted’*.
Nevertheless, even a small quantity of migrated Cu* ions can sub-
stantially influence the conductance of the device®. However, this
influence may not be pronounced enough to exhibit an evident cou-
pling effect with ferroelectric polarization, particularly when the
migrated ions can be adequately restored to their ordered state'®.
Simultaneously, the alteration of the energy barrier required for ion
migration in that region is directly correlated only to the electric field**
(Fig. 3e). Given that the form of the excitation pulse remained constant
throughout all tests, as a result, the extent of ion migration within the
channel remained nearly uniform, despite variations in polarization-
induced states®.

The results above collectively suggest that our device is not
constrained by temporal evolution and can achieve reliable working
mode switching within a single device. This characteristic holds
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Fig. 4 | Neural reuse simulation based on realistic device via transfer learning.
a Schematic of transfer learning on a residual convolutional neural network. All
cuboids represent feature maps, with the red one signifying the input layer. The
green arrow throughout all convolutional layers represents the main line of feed-
forward operations, while the purple arrows symbolize the skip connections. Each
of them goes through a kernel (depicted as a gray cuboid) to match the size of its
preceding map. b Heat map of the confusion matrix obtained by testing the net-
work on the test set of CIFAR-10. Each label contains 1000 samples, and the color
depth corresponds to the amount of correct predicted label. ¢ Learning curves
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during the training process. The light-colored curves record the accuracy per
iteration, while the dark-colored curves represent the average accuracy in each
epoch. d Weight updates across 39,100 iterations. The data of the randomly initi-
alized model and the well-trained source model are presented in identical coordi-
nate. The region above (below) the horizontal axis represents the total amount of
positive synaptic updates (negative synaptic updates). e Comparison of input data
consumption. The values represent the numbers of images consumed by the model
to first achieve an accuracy of 80%. f The accuracy of two models under varying
strengths of Gaussian noise corruption.

significant potential for spatial integration and refresh ability. More-
over, these redeployment and restoration capabilities make it possible
for memristor-based neural networks to be cyclically configured
between the reusable source model and the tunable downstream task
model. It paves the way for seamlessly incorporating neural reuse into
the memristor-based neural network platform.

Neural reuse based on device simulation

Transfer learning enables the application of general knowledge to
various downstream tasks'**°. This process mirrors the concept of
neural reuse and is well-suited to reveal the promising applications of
our device in this area. For simulating neural reuse via transfer learn-
ing, a residual network” modeled on the ResNet-18 (Fig. 4a) was
employed. Leveraging realistic device properties, this simulation

enabled an assessment of the classification performance of the source
model after redeployment, comparing it with the randomly initialized
model after completing training (Implemented on the CIFAR-10 data-
set, see detail in the method part for the simulation process). As
anticipated, the well-trained source model serves as a reliable initi-
alization point for redeployment, effectively mitigating overfitting. As
shown in Fig. 4b, the well-trained source model demonstrates higher
accuracies in the classification task across ten categories compared to
the randomly initialized model. Upon closer examination of the
learning curves (Fig. 4c), it becomes evident that reusing the source
model resulted in faster learning speed (Supplementary Fig. 16) and
superior accuracy (>17%). Moreover, it also demonstrates significantly
enhanced generalization ability (> 21%, Supplementary Figs. 17, 18, and
Text 2). As the well-trained source model converged much earlier
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Fig. 5 | Comparison between the two schemes for neural reuse across multiple
downstream tasks. a Processes of two schemes for neural reuse in multiple
downstream tasks. Arrows with solid line represent neural reuse on the task flow,
and arrows with dotted line represent the ion relaxation process. b Boxplots gen-
erated by the loss values calculated on the corresponding dataset. It reflects the
measurement level of experimental data, which repeatedly recorded loss in all

subsamples received randomly. ¢ Learning curves within 20 epochs for each task. It
shows the evolution trend of the learning speed and accuracy in each task flow
under the two schemes. d RMSE for two schemes. The RMSE on each scheme
downstream task is calculated on its matched test set to reveal the effect after
transferring features in varied schemes.

during the redeployment process, both power consumption and
weight change range were approximately 40% lower overall (Supple-
mentary Fig. 19) across 39,100 iterations (Fig. 4d). In addition, Fig. 4e
illustrates the number of images required for the model to reach 80%
accuracy for the first time during the training process. It reveals the
substantial time and data savings achieved through neural reuse for
diverse downstream tasks. Especially, on the CIFAR-10 dataset, it
accelerates the training speed by over 22 times (details provided in
Supplementary Text 3). Finally, the error rates for different models
were investigated when pixels were subjected to Gaussian noise cor-
ruption. The results show that, even when input signals are corrupted
by noise strengths within 0.25, the source model maintains better
recognition performance (Fig. 4f).

Performance of neural reuse in multiple downstream tasks
To accurately assess the advantage of our devices in scenarios invol-
ving neural reuse between multiple downstream tasks, a comparative
experiment was designed, as shown in Fig. 5a. It comprises two distinct
schemes: in Scheme 1, the initialization of each downstream task
adheres to a fixed distribution of the source weights. That is the device
naturally relaxes from the ion migration state to the ferroelectric state
after each task, ensuring a consistent initial state for each neural reuse;
in Scheme 2, each downstream task employs the trained weights from
the preceding task as its initial weights. That is the device remains in
ion migration working mode after each task. Additionally, three color
image datasets with partially similar features, namely CIFAR-10, CIFAR-
100, and Oxford 102 Flowers, were selected to represent three differ-
ent downstream tasks in all schemes.

To observe the training effect of the model on the same task
under different schemes, the loss values were first assessed. As

depicted in Fig. 5b, a lower range of loss values in Scheme 1 indicates a
more profound level of convergence. This also suggests that the well-
trained source model has effectively prepared a highly optimized and
efficient general model for each downstream task. Besides, in multi-
task scenarios, the model is typically expected to maintain high
accuracy on each new task. Therefore, learning curves for both
schemes were recorded, as illustrated in Fig. 5c. The results indicate
that Scheme 1 yields an overall improvement in training speed and
accuracy across various tasks. Moreover, since the root-mean-square
error (RMSE)* tends to be more sensitive to larger errors, disparities in
RMSE values can provide an intuitive basis for comparing general-
ization abilities. Thence, the prediction qualities of various tasks were
evaluated by calculating the RMSE on their respective test sets. As
illustrated in Fig. 5d, Scheme 1 can ensure that the model maintains a
higher level of experimental recognition accuracy for previously
unseen samples in new tasks.

Discussion

In this work, we have demonstrated the integration of neural reuse
with memristor-based neural networks through a variable configura-
tion between the ferroelectric polarization and ion migration. This
implies that the division of application scenarios based on memristor
properties is no longer a necessity. Instead, they can be integrated into
a progressive and more powerful framework, which is lacking in most
reported reconfiguration strategies.

In addition, through the elaborate modulation of the order-
disorder phase in CIPS, the proposed device not only allows for
unlocking the dual working modes driven by distinct memristor
mechanisms but also ensures ferroelectric polarization remains con-
sistent after undergoing repeated cycles of ion migration and
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relaxation. Leveraging the refresh ability of the realistic device, further
simulations indicate that integrating neural reuse can lead to
improvements in the training efficiency and generalization ability of
memristor-based neural networks, whether compared to the randomly
initialized model or in specific multi-task scenarios. This work opens
up the possibility for implementation of neural reuse in memristor-
based neural network platforms, thereby loading a more potent inner
engine into the hardware.

Methods

Sample preparation and characterization

High-quality single crystals of CIPS and MoS, were synthesized by
chemical vapor transport and flux method, respectively”**°. The PFM
and Switching Spectroscopy PFM (SS-PFM) measurements are per-
formed on the Asylum Research Cypher S system. An X-ray dif-
fractometer (DX-27) instrument was used to characterize the phase
structure of CIPS bulk at 30 mA and 40 kV using monochromatic Cu Ko
radiation. Raman spectrum was performed using a confocal Raman
Spectrometer (HORIBA LabRAM Odyssey) with a X50 objective lens
(NA =0.5) at room temperature in air. The 532 nm laser excitation was
kept below 5 mW. Thin flakes were obtained by mechanical exfoliation
from obtained bulk crystals onto heavily doped silicon substrates with
a 285 nm SiO, oxidation layer.

The vertical assembly of vdW-layered compounds were fabricated
using the dry-transfer method™. It includes the following two steps:
First, using a poly (bisphenol A carbonate) (PC) film-covered poly-
dimethylsiloxane stamp on a glass slide at 120 °C to pick up the flakes
layer by layer; Then, releasing on a SiO, (285 nm)/Si (p+ doped) sub-
strate at 175 °C followed by rinsing in chloroform.

Device fabrication and electrical measurement
The electrodes were patterned using digital micro-mirror device
lithography, followed by the deposition of 8/50 nm Cr/Au films using
an electron beam evaporator. Electrical characterization was con-
ducted using an FS-Pro 380 semiconductor device analyzer, with the
devices placed in a vacuum probe station (approximately 1072 Torr).
During the measurement, the top MoS, layer was grounded, while
the bias voltage was applied to the bottom MoS, layer. Additionally,
the gate voltage was applied to the top graphite layer.

Neural network simulation

In this study, the residual neural network consists of 18 layers (ResNet-
18), including one input layer, 4 residual layers, and a fully connected
(FC) layer. Especially, every residual layer contains a pair of basic
residual blocks, each one includes double 3x3 convolutional kernels
with identical number of channels. The pre-trained weights are stored
in the residual blocks, while fine-tuning is conducted across the entire
network. For the network parameters, each synaptic weight is encoded
through the differential pair of two memristive devices"*>** with the
same conductance distribution, thereby constraining the weight range
to [-11]. And the effective weights (Supplementary Fig. 20) are
obtained from the differential results generated by conductance and
update with backpropagation (Supplementary Text 4). Furthermore,
the source data for pre-trained weights of ResNet-18 model are offi-
cially provided by PyTorch. Those data are mapped by the device
conductance under the ferroelectric polarization working mode.
Subsequently, fine-tuning is implemented during the ion migration
mode (Fig. 3 and Supplementary Fig. 15).

It involves three commonly used datasets in the field of deep
learning in this work, namely CIFAR-10, CIFAR-100, and Oxford 102
Flowers®**. CIFAR-10 and CIFAR-100 are publicly available in PyTorch
framework. Oxford 102 Flowers can be accessed at https://www.
robots.ox.ac.uk/-vgg/data/flowers/102/. Using CIFAR-10 as an illustra-
tion, it comprises color images spanning 10 categories of distinct

objects. For data enhancement and pixel intensity stabilization, images
are horizontally flipped at random and their RGB color channels are
standardized using the mean and standard deviation derived from
millions of images in ImageNet*. The preprocessing operations on
CIFAR-100 are identical to the former. Distinctively, the size of Oxford
102 Flowers is resized to 224 by 224 pixels due to its high resolution. To
effectively utilize the small amount of data in Oxford 102 Flowers
(which merely possesses 10 images for each label in the training set),
more measures including random vertical crop, random rotation, and
center crop are taken for enhancing the dataset. In the scenario
involving input image corruption, each original image is superimposed
with a Gaussian noise®” N(0, 0) controlled by the standard deviation
(0). Particularly, the images remain unchanged when o =0.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
All data needed to evaluate the findings of this study are available
within the Article. Source data are provided with this paper.

Code availability
The codes used for simulation and data plotting are available from the
corresponding authors under request.
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