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Artificial synaptic memristors, with their adjustable and non-volatile resistance, present a promising path for
neuromorphic computing (NC). Inspired by the salting-out producing dense fractal dendritic morphologies, a
dendritic ion framework composed of LiClO4-3H20 (LCO) and polyvinyl alcohol (PVA) is prepared by spin
coating. The functionalized dendritic Pt/MoS;@LCO-PVA/Si memristor boasts 1,670 endurance cycles and a
retention time exceeding 10* s. MoS, nanosheets act as the intermediate to improve ion transportation and

storage, and the multi-local enhanced electric field is verified by multi-physics COMSOL simulation. Synaptic
plasticity, such as spike-voltage-dependent plasticity, long-term potentiation/depression, and spike-timing-
dependent plasticity are also investigated. The dendritic device achieves a digit recognition accuracy of 91.4
% according to simulations of artificial neural networks. The results reveal a new approach that expands the

applications of NC.

1. Introduction

Spurred by the rapid advancement of artificial intelligence and the
Internet of Things, neuromorphic computing (NC) architectures based
on synapse components have attracted significant attention due to their
in-memory computing capabilities and low power consumption [1-3].
Among them, the two-terminal memristor, featuring a simple metal-
insulator-metal structure, non-volatility, and the ability to emulate
biological synaptic behavior by modulating conductance states as syn-
aptic weights, is especially promising [4,5]. The conductance state of
memristor is primarily regulated by the formation and rupture of
conductive channels under an applied electric field and driven by the
migration of metal ions or vacancies [6,7,8]. However, these devices
always suffer from severe temporal variations due to the random growth
of conductive channels during switching, consequently posing a chal-
lenge for practical NC applications [9-11].

Several strategies have been proposed to regulate ion migration, for
instance, incorporation of low-dimensional materials [12-14],
elemental doping [15,16], and interface engineering [17,18]. Bio-
mimetic methods, which emulate the structure and function of natural
materials, have garnered significant attention for their potential to
enhance device performance [19-21]. In particular, conductive chan-
nels inspired by natural phenomena can be used to optimize ion trans-
port and storage. In biological systems, aligned ion channel proteins
facilitate the selective passage of specific ions to serve as a confined
pathway to regulate the ion concentrations and ensure reliable ion
migration [22-24]. Similarly, intricate natural geometries with high
transmissibility and directivity, such as hierarchical porous structures,
multi-layered architectures, and fractal geometry, play a crucial role in
controlling ions transport [25-28]. These efficient natural structures can
serve as the blueprint for the design of constrained transport pathways
to mitigate the inherent instability of ion movement.
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Herein, a dendritic ionic framework (LCO-PVA), inspired by the
growth of natural salt dendrites, is prepared and functionalized with
MoS, nanosheets. The functionalized dendritic memristor (MoS,@LCO-
PVA) shows robust durability for 1,670 cycles, retention time of 10* s,
and average SET voltage of 0.97 V. The MoS, nanosheets effectively
limit the migration of Li* ions in the dendritic structure by generating a
localized enhanced electric field under an applied voltage. The typical
synaptic characteristics are simulated, and the digit recognition capa-
bility evaluated using an artificial neural network (ANN) shows an ac-
curacy of 91.4 %. Our results demonstrate the significant potential of
this memristor for artificial synapse simulation in image recognition
applications.

2. Results and Discussion

Salt dendrites in nature display a random growth pattern charac-
terized by both independent and interconnected fractal structures, as
illustrated in Fig. 1(a). Fig. 1(b) shows the preparation progress of the
PVA-LCO dendritic framework and Fig. S1 depicts the optical images of
samples with different LCO doping concentrations (0 wt%, 10 wt%, 35
wt%, and 50 wt%). The temporal evolution of the dendritic structure is
monitored by optical microscopy for a doping concentration of 35 wt%,
as shown in Fig. 1(c). The I-V curves of the Pt/PVA-LCO/Si devices with
different LCO doping concentrations are shown in Fig. S2, in which the
memristive behavior is not observed.

MoS, nanosheets can store Li* due to multiple ion trapping sites,
small volume expansion, and reversible conversion between the 2H
(semiconductor) and 1 T (metal) phases [29,30]. Fig. 2(a) shows the
schematic representation of the functionalized dendritic ion framework
modified by MoS; nanosheets. The MoS; nanosheets are incorporated
into the PVA-LCO solution, as shown in Fig. 2(a-I), and then stirred to
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ensure uniform dispersion by taking advantage of the good dispersion
properties of PVA with MoS, nanosheets [31,32], resulting in the for-
mation of a MoS;@LCO-PVA solution shown in Fig. 2(a-II). The
MoS;@LCO-PVA structure with LCO doping concentrations of 0 wt%,
10 wt%, 35 wt%, and 50 wt% are prepared, and the scanning electron
microscopy (SEM) images are displayed in Figs. S3 and 2 (a-II). The
samples with LCO concentrations of 0 wt% and 10 wt% have no den-
dritic structures, as shown in Fig. S3(a) and Fig. S3(b), whereas the
sample with an LCO concentration of 50 wt% shows a thin film
composed of dense microrods, as shown in Fig. S3(c). It is noted that an
independent and interconnected dendritic structure can be obtained
when the doping concentration is 35 wt%, as shown in Fig. 2(a-III). The
dendritic LCO-PVA structures act as a lithium source and provide a fast
migration channel for Li" ions. The atomic force microscope (AFM)
characterization of the thin film with different doping concentrations is
presented in Figs. S4(a)-(d). When the LCO concentration is 35 wt% and
50 wt%, dominant dendritic structures and dense microrods appear,
leading to a significant increase in surface roughness as shown in
Figs. S4(c)-(d), respectively. In contrast, when the LCO concentration is
0 wt% and 10 wt%, the surface roughness is relatively low, likely due to
the more uniform and smoother film morphology with fewer structural
variations, as shown in Figs. S4(a)-(b), respectively. Energy-dispersive
X-ray spectroscopy (EDS) confirms the random distribution of MoSy
nanosheets in the MoS;@LCOs35-PVA dendritic structure with 35 wt%
LCO, as shown in Fig. 2(b). The Raman scattering spectrum of MoS,
nanosheets in the dendritic structure in Fig. 2(c) features peaks corre-
sponding to the Eég and A;, phonon modes of MoS; at 384.5 and 409.7
cm ™}, respectively. The difference between the two modes is 25.2 cm ™2,
indicating that MoS; nanosheets are composed of multiple layers and
confirming the presence of a 2H phase in MoS; [33].

Memristors with different LCO concentrations (0 wt%, 10 wt%, 35 wt

Fig. 1. (a) Growth progress of fractal salt dendrite structures in nature; (b) Schematic illustration of the dendritic ion framework preparation by spin coating; (c)
Growth of the dendritic ion framework monitored by optical microscopy for an LCO doping concentration of 35 wt%.
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Fig. 2. (a) Schematic diagram of the PVA-LCO dendritic framework functionalized with MoS, nanosheets; (b) Elemental maps of O, Cl, Mo, and S shown in Fig. 1(a-
IID); (c) Raman scattering spectrum of the MoS, nanosheets in the dendritic framework.

%, and 50 wt%) are constructed, and their memristive characteristics are
assessed, as shown in Fig. 3 and Fig. S5. Fig. 3(a) shows the schematic
diagram of the Pt/MoS,;@LCO-PVA/Si device, and the corresponding
cross-sectional SEM image for the sample with an LCO concentration of
35 wt% is depicted in Fig. 3(b), which reveals a clearly defined inde-
pendent microrod structure. The thickness of the dendritic MoS;@LCO-
PVA layer is approximately 1.5 pm and the Pt layer is approximately
100 nm. The semi-logarithmic current-voltage (I-V) curves of the Pt/
MoS2@LCO35-PVA/Si dendritic memristor with 35 wt% LCO show good
performance with analog memristive properties, as shown in Fig. 3(c).
1,670 consecutive cycles are tested between -3 V and 2 V using the
direct current (DC) sweeping mode, a voltage step of + 0.01 V, and a
compliance current (I.c) of 0.01 A during the SET process. Fig. 3(d)
shows that the high-resistance state (HRS) and the low-resistance state
(LRS) are obtained for 1,670 cycles at the 0.1 V reading voltage. Besides,
stable resistance retention exceeding 3.4 x 10* s and a large memory
window (on/off ratio) up to 10% is achieved by applying a continuous
bias of 0.1 V, as shown in Fig. 3(e). The time-dependent stability of the
Pt/MoS;@LCO35-PVA/Si dendritic memristor is assessed for 10-day in-
tervals, as shown in Fig. 3(f). The changes in the I-V curves are minimal,
confirming the stable environmental memristive properties. The
consecutive cycles of the memristors with LCO concentrations of 0 wt%,
10 wt%, and 50 wt% are shown in Figs. S5(a)-(c), and the corresponding
endurance properties are shown in Figs. S5(d)-(f). The coefficients of
variation (C,) are statistically determined as shown in Table S1 to
evaluate device stability. According to Formula (1):

Cv=- €y
U

where ¢ is the standard deviation and y is the mean. The 35 wt% LCO
sample shows smaller C, in both HRS and LRS of approximately 0.26 and
0.63, respectively. The statistical errors for the SET voltage (Vggr) in
Fig. 3 (g) show that the voltage variation of the 35 wt% sample (¢ =
0.20) is smaller than those of the 10 wt% sample (¢ = 0.37) and 50 wt%

sample (6 = 0.35). The improved cycling stability and reduced vari-
ability in the switching voltage of MoS;@LCO35-PVA based memristor
can be attributed to the synergistic effect of the dendritic structure and
embedded MoS; nanosheets, leading to less randomness of the
conductive channels. The device-to-device variation is analyzed by
scanning the voltage from —3 V to 2 V using a voltage step of + 0.01 V
and I.. of 10 mA, respectively, as shown in Fig. S6(a). I-V curves of 10
devices are compared and the characteristics of the I-V curves are similar
to Fig. 3(c). The HRS and LRS values with 10 devices are statistically
investigated, the C, of HRS and LRS of the device is 0.36 and 0.31,
respectively, as shown in Fig. S6(b). Moreover, Fig. 3 (h) compares the
SET voltage and endurance properties of MoSy@LCO35-PVA with those
of other similar synaptic memristors reported in the literature. The
MoS;@LCO35-PVA dendritic memristor has better properties and is
capable of operating at lower switching voltages with excellent DC
voltage sweep endurance. The structure and corresponding memristive
properties are summarized in Table S2.

The conductive mechanism of the MoS;@LCO35-PVA dendritic
memristor is analyzed by replotting the log()-log(|V]) curves for SET
and RESET progress, as shown in Fig. 4(a). During the SET progress, the
switching behavior fits that of the classical trap-controlled space charge
limited current model, expressed as I = fV*, where $ and a represent the
constant and the exponential index, respectively [34,35]. Fig. 4(a-I)
show that the SET process is segmented into three distinct voltage re-
gions. In the low voltage region (0 V to 0.19 V), a slope of 1.16 (close to
1) indicates an Ohmic region controlled by thermally excited carriers.
The slope of the high voltage region (0.2 V to 0.8 V) is 2.07 and follows
the trap-filled space charge limited current (¢ ~ 2). When the applied
voltage reaches the threshold voltage (Vi) of 0.82 V, f is fitted to be
8.38, marking a steep increase in the current as the device transitions
from the HRS to LRS. In LRS, the observed slope of 1.02 suggests Ohmic
conduction, indicating that Li" ions interact with MoS» nanosheets and
are stored stably, resulting in the 2H-1T phase transition to form
conductive channels. On the contrary, Li* ions begin to migrate back
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Fig. 3. (a) Schematic of the Pt/MoS,@LCO-PVA/Si memristor; (b) Cross-sectional SEM image of the Pt/MoS,@LCO-PVA/Si stack; (c) I-V characteristics of the Pt/
MoS,@LCO-PVA/Si dendritic device; (d) Endurance assessment; (e) Retention time of the MoS,@LCO35-PVA dendritic memristor; (f) I-V curves of the MoS;@LCO3s-
PVA dendritic memristor for a 10-day interval; Statistical analysis of (g) SET voltages for various LCO mass fractions; (h) Comparison of switching cycles and SET
voltages of the MoS,@LCO-PVA dendritic memristor with those of other microstructures such as quantum dots, nanosheets, nanoclusters, nanowires, and microrods.

after the voltage reaches Vi, of —-1.36 V as shown in Fig. 4(a-II), causing a
rupture of the conductive channel in the conductive region during the
RESET progress. As the voltage is scanned from -3.00 V to -0.22 V,
trapped electrons are released gradually showing slopes of 3.53 and
2.22, respectively. The current is mainly generated by thermal excita-
tion, and the device switches from the LRS to the HRS with a slope of
1.14 at voltages between —0.22 V and 0 V.

COMSOL Multiphysics simulation is performed to analyze the elec-
tric field distribution in the MoS,;@LCO35-PVA dendritic memristor.
Fig. 4(b-I) shows that a local enhanced electric field (~107 V/cm) is
observed at the interface between the dendritic structure and Si sub-
strate, compared to the without dendritic structure in Fig. S7, which can
constrain the transport of ions laterally. Furthermore, a significant
enhancement near the MoS; nanosheets in the resistive layer, reaching
about 5 x 10° V/cm, as shown in Fig. 4(b-II). Under the electric field, Li*
ions accumulate around the MoS; nanosheets and undergo electro-
chemical reactions. Fig. 4(c) depicts the HR-TEM images of the MoS,
nanosheets, where Mo and S atoms are represented by solid red and blue
circles, respectively. The presence of S vacancies (Vg) and Mo vacancies
(Vo) is confirmed by analyzing the integrated pixel intensity profiles in
the orange solid box in Fig. 4(c). And a significant decline in the line
intensity is observed in Fig. 4(d) [36,37]. Fig. 4(e) is the X-ray photo-
electron spectroscopy (XPS) analysis of the high-resolution Mo 3d core
level spectra and Mo®" peaks located at 229.05 eV (3ds,2) and 232.15 eV

(3ds/2), Mo*t peaks at 229.75 eV (3ds,) and 232.85 eV (3ds,/2), Mo>"
peaks at 230.05 eV (3ds,2) and 233.45 eV(3ds3,2) as well as Mo®+ peaks
at 234.65 eV(3ds,2) and 236.45 eV(3ds/2). The Mo>* and Mo®"/Mo®*
peaks confirm the presence of Vy;, and Vg in the MoS, nanosheets, which
provide abundant electrochemically active sites to trap Li* ions [38,39]1,
leading to a long retention time and high reversible cycling. The un-
derlying memristive mechanism is illustrated in Fig. S8. Figs. S8(a)-(c)
show the schematic diagram of the memristive mechanism in the Pris-
tine state, SET, and RESET process, respectively. Fig. S8(a) is the Pristine
state with no electric field and vacancies are distributed in MoS,
nanosheets. In the SET process [Fig. S8(b)], a positive voltage is applied,
Li" ions are extracted from LCO and reacted with MoS, nanosheets due
to the presence of electrochemically active sites. As the concentration of
Li* ions gradually increases, the MoS» nanosheets transition from the 2H
phase to the 1 T phase, forming conductive paths that cause the device to
exhibit an LRS [29,30]. In the RESET process [Fig. S8(c)], a negative
voltage is applied and Li" ions de-intercalate from MoS, nanosheets. The
conductive paths break down and the resistive state changed from LRS
to HRS. The electrochemical reaction in the memristive process is:

mLit + MoS, +me~ < Li,,MoS,. (2)

Synaptic plasticity is an important factor in NC applications and
various synaptic plasticity behaviors are simulated, as shown in Fig. 5.
Fig. 5(a) shows that the information is transmitted from the pre-synaptic
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Fig. 4. Mechanistic analysis of the Pt/MoS;@LCO-PVA/Si dendritic memristor: (a) Fitted log(I)-log(|V|) curve of the MoS;@LCO-PVA dendritic-based device,
indicating a memristive process governed by space charge limited currents; (b) Electric field simulation of the device using the COMSOL Multiphysics software; (c)
TEM images of MoS;, nanosheets; (d) Line profiles of Mo and S; (e) Mo 3d spectrum of MoS, nanosheets in the MoS,;@LCO35-PVA dendritic structure.

to post-synaptic neurons by external stimulation. The synaptic weight
represents the strength of the signal connection between two neurons,
and the change in the conductance indirectly reflects the synaptic
weight of the device. Fig. 5(b) and 5(c) display the corresponding
voltage-time (V-t) and current-time (I-t) curves, showing that the
gradual regulation of conductance is realized by employing a triangular
waveform. The synaptic connection is progressively strengthened
through five consecutive positive voltage sweeps (0 V- 0.6 V— 0 V), as
shown in Fig. 5(b). Conversely, Fig. 5(c) shows synaptic depression
when the device is subjected to five consecutive negative voltage scans
OV > -1.6 V> 0 V). Fig. 5(d) shows three cycles of long-term
potentiation (LTP) and long-term depression (LTD) behaviors of the
device, demonstrating the reliability of these cycles. The LTP and LTD
properties, induced by pulse signal regulation, are measured using 20
positive pulses of 1 V and 20 negative pulses of -1 V, each with a 5 ms
pulse width. The conductance of synaptic device increases with the
application of positive pulses and decreases with negative pulses. To
further evaluate device stability, a single pulse with different pulse
amplitudes (1.5V, 2.0V, 2.2V, 2.5V, and 3 V; pulse width 500 ms) are
used to modulate the conductance states and the conductance states
gradually increases from 13 pS to 1046 pS which can be stable for 10s,
as shown in Fig. 5(e). In biological neural networks, information can be
processed and stored by adjusting the pulse amplitude, interval and
width to simulate changes in the synaptic weight. Fig. 5(f)-(h) show the
effects of different pulse amplitudes (1 V, 2 V, and 3 V), pulse intervals
(8 ms, 5 ms, and 7 ms) and pulse width (3 ms, 5 ms, and 7 ms) on the
synaptic weight, respectively. As the amplitude increases, pulse interval
decreases and the pulse width increases, the changes in the synaptic
weight become more pronounced due to the enhanced interaction be-
tween Li" ions with MoS, nanosheets. The change in the synaptic weight
is described by the following equation:

Gn7G0
W% =
o= (%5

) % 100% ®)
0

where G represents the initial conductance state and G, (n = 1,2,3, ...
20) is the corresponding conductance after stimulation. Energy

efficiency plays an important role in the practical application of artificial
synapses. The energy consumption for a single electrical pulse (pulse
amplitude 1 V, pulse width 5 ms) can be calculated based on the inte-
gration of current over applying pulse time, as shown in Fig. S9. Since
the energy consumption is proportional to the effective device area [40],
the areal energy consumption in the dendritic MoS2@LCO-PVA device is
0.56 £J/um?, demonstrating a superior performance compared to most
reported devices (such as those with different microstructural and Li™
ions based synaptic devices), as shown in Table S3. Spike timing-
dependent plasticity (STDP) is one of the advanced learning rules in
the biological brain for competitive Hebbian learning. The synaptic
weight can be adjusted by changing the time intervals between pre-
synaptic and post-synaptic spikes. To verify the STDP learning rule,
pulse pairs with different time intervals from 10 ms to 90 ms and pulse
amplitude of 2 V/-2 V are applied to the MoS,;@LCO35-PVA dendritic
memristor, as shown in Fig. 5(i). Fig. 5(j) indicates the STDP behavior
with respect to the change in the synaptic weight (AW) versus time in-
terval (At), which is consistent with the antisymmetric Hebbian learning
rule. When the pre-synaptic pulse precedes the post-synaptic pulse (At
> 0), the synaptic weight increases, leading to the LTP of the device. On
the contrary, when the pre-synaptic pulse follows the post-synaptic
pulse (At < 0), the synaptic weight decreases to convert the device to
LTD. The red and blue circles in Fig. 5(j) are fitted with the following
exponential function:

AW = Aexp <§) + W, 4
T

where “+” represents At > 0, “—” represents At < 0, and A and 7 (74, 7.)

are the scaling factor and time constant of the STDP learning rule,

respectively. Here, 7, = 9.56 ms and 7. = 3.89 ms in the STDP learning

rule, consistent with the time constant of the STDP window of a bio-

logical synapse.

The artificial neural network (ANN) is developed to perform super-
vised learning on the MNIST handwritten digit dataset using the Back-
propagation algorithm [41]. Fig. 6(a) illustrates the schematic of the
ANN simulation, which features an input layer with 28 x 28 neurons, a
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Fig. 5. (a) Biological synapse schematic; (b) Gradual setting of the MoS,@LCO3s5-PVA-based dendritic device under consecutive positive sweeping voltages (0 V —
+0.6 V — 0 V); (c) Gradual resetting under negative sweeping voltages (0 V — -1.6 V — 0 V); (d) Stable LTP/LTD characteristics realized by applying 20 continuous
1 V pulses and —1 V pulses with time width of 5 ms; (e) Nonvolatile of conductance states during the LTP by regulating different pulse voltage amplitudes (1.5 V, 2.0
V, 2.2V, 2.5V and 3.0 V); (f) Pulse amplitude (5 ms width and 5 ms interval); (g) Pulse intervals (1 V amplitude, 5 ms width); (h) Pulse widths (1 V amplitude, 5 ms
interval); (i)-(j) Measurement conditions of STDP and corresponding simulation results according to the asymmetric Hebbian rule, where the circles represent

experimental data and the solid line is the fitted curve.

hidden layer comprising 100 neurons, and an output layer with 10
neurons. The conductance changes in Fig. 6(b) represent the synaptic
weight updates essential for pattern recognition and the crossbar array is
composed of MoS,;@LCO35-PVA dendritic memristors, as illustrated in
Fig. 6(c). In each training step, 50 images are randomly selected from
the MNIST dataset containing 6 x 10* handwritten digital images for
training the ANN. A high recognition accuracy of 91.4 % based on the
real device performance is achieved after 7,200 training steps (6 epochs)
and is comparable to the 93.4 % recognition accuracy obtained by

simulating an ideal synaptic device, as shown in Fig. 6(c). The confusion
matrix of the MoS>@LCO35-PVA dendritic synaptic memristors after 50,
1,200, and 7,200 training steps is presented in Fig. 6(d)-(f). The matrix
transforms from chaos to standard as the training steps increase, thereby
revealing the significant potential of MoS;@LCOs35-PVA dendritic syn-
aptic memristor for information processing in MNIST pattern
recognition.
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Fig. 6. (a) Schematic of the three-layer neural network for handwritten digit recognition; (b) LTP/LTD characteristics realized by applying 85 continuous 1 V pulses
and —1 V pulses with time width of 5 ms; (c) Recognition accuracy of the experimental and ideal synaptic devices; Confusion matrices for training results: (d) 50th
training steps, (e) 1200th training steps, and (f) 7200th training steps. The corresponding digit is recognized successfully when a large value appears along the

diagonal line.
3. Conclusions

A functionalized dendritic synaptic memristor with the Pt/
MoS,;@LCO35-PVA/Si structure is fabricated and stable memristive
characteristics are achieved. The mechanism of the memristive proper-
ties is analyzed and discussed based on the ion kinetics. The typical
synaptic plasticity is simulated, and the device achieves a high level of
accuracy in image recognition of 91.4 %. These results provide insights
and guidance into the development of accurate pattern recognition for
NC.

4. Experimental Section
4.1. Materials

PVA (average mol M,, = 30,000-70,000) was purchased from Beijing
InnoChem Science &Technology Co., Ltd. The liquid-phase exfoliation
MoS; dispersion solution (0.05 pm-1 pm, 1-10 layers) was obtained
from Nanjing MKNANO Tech. Co., Ltd. And LiClO4-3H30 (AR, 99.0 %)
was bought from Shanghai Aladdin Bio-Chem Technology Co., Ltd.

4.2. Preparation of MoS;@LCO-PVA solution

A 5 wt% water-soluble PVA was used as the polymer matrix, which
was mixed with deionized water and stirred at 90 °C for 2 h to ensure
complete dissolution. LiClO4-3H20 with different mass fractions (0, 10,
35, and 50 wt%) and MoS, nanosheets with a concentration of 2 wt%
were introduced to the PVA solution. The resultant MoS;@LCO-PVA
solution was stirred at room temperature for 6 h to achieve full
dispersion.

4.3. Preparation of Pt/MoS2@LCO-PVA/Si device

The highly-doped p-type Si (100) wafer was sequentially ultrasoni-
cally cleaned in acetone, absolute ethanol, and deionized water for 15
min each, and then dried under a nitrogen flow at room temperature.
Subsequently, the MoS;@LCO-PVA nanocomposite solution was spin-
coated onto the Si substrate at 500 rpm for 10 s and 5,000 rpm for 50

s to prepare the MoS>@LCO-PVA structure. A circular Pt top electrode
with a diameter of 500 pm was sputter-deposited onto the MoS;@LCO-
PVA layer by DC magnetron sputtering using a shadow mask.

4.4. Characterization

The morphology and elemental composition of the samples were
characterized by optical microscopy, scanning electron microscopy
(SEM, ZEISS Gemini SEM 300), and energy-dispersive X-ray spectros-
copy (EDS). The crystal structure of the MoS; nanosheets was examined
by high-resolution transmission electron microscopy (HR-TEM,
JEM2100). X-ray photoelectron spectroscopy and Raman scattering
were performed on the Esca Lab 250Xi and Nanofinder® 30, respec-
tively. The electrical measurements were carried out on the Keithley
4200-SCS semiconductor parametric analyzer and AFG31000 Series
Arbitrary Function Generator.

4.5. Pattern recognition simulation

The circuit simulation of artificial neural networks (ANNs) is con-
ducted using Matlab 2023b. The simulation is based on the back-
propagation algorithm, utilizing experimental long-term synaptic
plasticity (LTP, LTD) characteristics. A three-layer fully connected
neural network, consisting of 784 input neurons, 100 hidden neurons,
and 10 output neurons, are employed. The network is trained using
60,000 MNIST images (28 x 28 pixels) of handwritten digits (0-9) with
the backpropagation algorithm, while a separate MNIST dataset of
10,000 handwritten digits is used for testing the recognition accuracy.
To reduce the writing frequency of the device, the network is updated
after randomly inputting 50 images, with the updated weights written
into the device array. Each weight update is defined as a step.
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1. Optical images of PVA-LCO structure.

Figure S1. Optical images of PVA-LCO structures with different LCO doping
concentrations: (a) 0 wt%, (b) 10 wt%, (c) 35 wt% and (d) 50 wt%.

2. The I-V curves of Pt/LCO-PVA/Si devices.
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Figure S2. -V curves of Pt/LCO-PVA/Si devices with different LCO doping

concentrations of 0 wt%, 10 wt%, 35 wt%, and 50 wt%.
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3. SEM images of MoS:@PVA-LCO structure.

Figure S3. SEM images of MoS2@PVA-LCO structures with different LCO doping

concentrations: (a) 0 wt%, (b) 10 wt%, and (c) 50 wt%.

4. Atomic force microscope (AFM) characterization of MoS:2@PVA-LCO thin

films with different concentrations.

Figure S4. AFM images of MoS@PVA-LCO thin films with different LCO doping
concentrations: (a) 0 wt%, (b) 10 wt%, (c) 35 wt% and (d) 50 wt%.
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5. Electrical measurement of Pt/MoS:@LCO-PVA/Si memristors.

Figure S5. Electrical evaluation of Pt/MoS;@LCO-PVA/Si memristors: /-V curves of
(a) MoS2@LCOo-PVA based memristor, (b) MoS2@LCO1o-PVA based memristor, and
(c) MoS>@LCOs0-PVA based memristor. Cycling stability of (d) MoS2@LCOo-PVA
based memristor, (€) MoS>@LCO10-PVA based memristor, and (f) MoS>@LCOso-PVA

based memristor.

Table S1. Properties of devices with different doping concentrations (10 wt%, 35 wt%

and 50 wt%) for different cycles.

Devices #Cycles HRS C, LRS G,
Pt/MoS,@PVA-LCO/Si (0 wt%) 7 cycles / /
Pt/MoS2@PVA-LCO/Si (10 wt%) 84 cycles 0.49 1.67
Pt/MoS>@PVA-LCO/Si (35 wt%) 1670 cycles 0.26 0.63
Pt/MoS@PVA-LCO/Si (50 wt %) 100 cycles 0.67 2.96
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6. The I-V characteristics of the uniformity of the devices

Figure S6. (a) The device-to-device variation is analyzed by scanning the voltage from
2 V to -3 V using a voltage step of £0.01 V and /.c of 0.01 A. (b) The statistical graph
of HRS/LRS.

7. Compare the performance with various synaptic memristor reported.

Table S2. Summary of memristive properties (endurance, retention time, on/off ratios,
and SET voltages) of different microstructural synaptic memristors such as quantum
dots, nanosheets, nanoclusters, nanowires, and microrods (x denoting the parameter not

mentioned in the references).

Retention | On/Off SET
Structures Endurance Refs.
Time Ratios Voltages
Au/PMMA/a-
500 cycles 1x10% s ~103 ~-1V 1
InxSe3;/PMMA/ITO
Ag/Zn-TCPP@PMMA/Pt 100 cycles x ~103 0.08V 2
Ag/PVA:h-BN/ZrO,/ITO 20 cycles 6x10% s ~10° ~1V 3
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Ag-Cu/a-Si/Si 100 cycles 3.6x10% s ~10? ~1.82V 4
Ag/ZnO NS@TCPP/Pt 50 cycles 1x10% s ~4 -0.39V 5
Au/MCA-BP/Au 10 cycles 4x10% s 104 4V 6
Ag/Ni;C-PVA/ITO/PET 100 cycles 1x10% s 2.09x10? 28V 7
Ag/ZrosHfy 502: GO QDs/Ag 100 cycles 1x10% s X ~03V 8
Pt/LiCo0/Si-QDs@SiOx«/Si 100 cycles 1x10° s 104 ~4V 9
Al/GO/SF/GO/ITO 100 cycles >1x103 104 ~=2V 10
Au/TiO; NW/Au 70 cycles X <10 6V 11
Cu/HfO»/TiO, NWA/FTO 100 cycles >1x10%s >10? ~1V 12
Ag/phenylalanine dipeptide
2,000 cycles X 10 ~1.5V 13
(FF) microrod/Ag
Al/ZnO NPs/CuO NWs/Cu 100 cycles >8x10° s ~10? -15V 14
AgNW-AgNP/SAM 100 cycles 1x10%s >10°* 12V 15
Al/PM6:MoS; QD/ITO 175 cycles 2x10° s >10 03~0.6V 16
Ag/PVP-MoS, QD/ITO 30 cycles 1.5x10%s 102 ~1.3V 17
Ag/peptide microrod/Ag 100 cycles x 10° 1.64V 18
Pt/MoS;@LCO-PVA/Si 1,670 cycles >3x10%s ~103 097V Our work
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8. Electric field distribution without dendritic structure.

Figure S7. Electric field simulation of the device without dendritic structure using

COMSOL Multiphysics software.

9. Schematic diagrams of the memristive mechanism model.

Figure S8. Schematic diagrams of the memristive mechanism model during (a)

Pristine, (b) SET, and (c) RESET process.
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10. The areal energy consumption of the Pt/MoS:@LCO3s-PVA/Si based synaptic

memristor.

Figure S9. The areal energy consumption in the dendritic MoS2@LCO-PVA based

synaptic memristor with an electrical pulse (pulse amplitude = 1V, pulse width = 5 ms).

Table S3. Comparison of the energy consumption for different microstructural and Li"

based synaptic devices.

Structures Pulse Pulse Energy
Refs.
(Functional layer) amplitude | width | Consumption
PVA:h-BN/ZrO; 3.0V 0.5s 9.1 nJ/um? 3
LiCo0»/Si-QDs@SiOx 0.74 V / 5.6 fJ/um? 9
ZnO NPs/CuO NWs 1.0V 5s 20.6 fJ/um? 14
WO3/LiPON 10 pA 10ns | 100.0 fJ/um? 19
NDI-gTVT/LiCIO4/PEO 1.0V 0.04 s 7.4 pJ/um? 20
WSe»/LiClO4/PEO 50V 50ms | 10.0 fJ/um? 21
Graphene/LiC104/PEO 50 pA 10 ms 13.9 fJ/um? 22
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LiCo00,/Si0> 50 nA 60 ms 1.46 fl/um? 23
a-Nb2Os/LixSiO, 3.6V 10ms | 20.0 fJ/um? 24
InxO3/LixAl2O3 25V 50 ms 63.0 fJ/um? 25
MoS:@LCO-PVA 1.0V Sms 0.6 fJ/um? Our work
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