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High-Performance Neuromorphic Computing Based on
Ferroelectric Synapses with Excellent Conductance Linearity
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Artificial synapses can boost neuromorphic computing to overcome the
inherent limitations of von Neumann architecture. As a promising memristor
candidate, ferroelectric tunnel junctions (FT)) enable the authors to success-
fully emulate spike-timing-dependent synapses. However, the nonlinear and
asymmetric synaptic weight update under repeated presynaptic stimula-

tion hampers neuromorphic computing by favoring the runaway of synaptic
weights during learning. Here, the authors demonstrate an FT) whose
conductivity varies linearly and symmetrically by judiciously combining ferro-
electric domain switching and oxygen vacancy migration. The artificial neural
network based on this FT)-synapse achieves classification accuracy of 96.7%
during supervised learning, which is the closest to the maximum theoretical
value of 98% achieved to date. This artificial synapse also demonstrates
stable unsupervised learning in a noisy environment for its well-balanced

computing in hardware. Long-term syn-
aptic plasticity, including long-term poten-
tiation (LIP), long-term depression (LID),
and  spike-timing-dependent  plasticity
(STDP), has been recognized as the basis
for learning and memory.”) Nonvola-
tile memristors, whose conductance can
be tuned continuously based on the his-
tory of applied voltages or currents and
remains stable over hours or days, have
the ability to emulate long-term synaptic
plasticity.®12 Therefore, memristors are
considered as suitable electronic mate-
rials for artificial synapses. In recent years,
artificial synapses have been built via
ion migration-,37% phase change-,[7-18

spike-timing-dependent plasticity response. The novel concept of controlling
ionic migration in ferroelectric materials paves the way toward highly reliable
and reproducible supervised and unsupervised learning strategies.

1. Introduction

Neuromorphic computing is a candidate technology for
replacing conventional von Neuman computing, achieving par-
allel and energy-efficient computation as well as autonomous
learning.'® Designing innovative devices that emulate core
functions of synapses is key to implementing neuromorphic

magnetic- 21 and ferroelectric-based
memristors.2-23] However, a significant
drawback of these synaptic devices is the
lack of linear response to repeated stimuli
and the asymmetric update of conduct-
ance caused by electrical impulses of
equal amplitude but opposite polarity (Figure S1, Supporting
Information).*24 The nonlinear and asymmetric conductance
change is known to introduce difficulties for updating weights
during learning, reducing network capacity, and selectivity in
classifying input patterns.>! In particular, nonlinear and asym-
metric conductance changes can result in unbalanced LTP and
LTD in the STDP rule. The precise balance between L'TP and

S.-T. Yang, X.-Y. Li, T.-L. Yu, F. Nie, S.-S. Yan, L.-M. Zheng
School of Physics and State Key Laboratory of Crystal Materials
Shandong University

Jinan 250100, P. R. China

E-mail: zhenglm@sdu.edu.cn

S.-T. Yang, L. Zhao

School of Information and Automation Engineering

Qilu University of Technology (Shandong Academy of Science)
Jinan 250353, P. R. China

E-mail: dianxinzl@glu.edu.cn

J. Wang, H. Fang, B. He, W.-M. L

Spintronics Institute

University of Jinan

Jinan 250022, P. R. China

The ORCID identification number(s) for the author(s) of this article
can be found under https://doi.org/10.1002/adfm.202202366.

DOI: 10.1002/adfm.202202366

Adv. Funct. Mater. 2022, 32, 2202366

2202366 (10f 8)

J. Wang, H. Fang, W.-M. Lu

School of Instrumentation Science and Engineering
Condensed Matter Science and Technology Institute
Harbin Institute of Technology

Harbin 150080, P. R. China

E-mail: weiminglv@hit.edu.cn

A. Nogaret

Department of Physics

University of Bath

Bath BA2 7AY, UK

G. Liu

Center for High Pressure Science and Technology Advanced Research
Shanghai 201203, P. R. China

© 2022 Wiley-VCH GmbH

85U8017 SUOWILIOD BAER.D 8|qeol(dde aup Aq peusenob a e S9ole YO @S JO s3I 10} A%eud1Taul|UO 8|1 UO (SUORIPUOD-PUE-SWBI W0 A8 | 1M ARIq 1 Ul UO//SANY) SUORIPUOD pue SWe 1 8y} 89S ' [£202/20/80] U0 A%iqiTauliuo A8|IM ‘AiSBAIuN 15e8uinos Aq 996202202 WiPe/Z00T OT/I0p/u0d Aa i Areiq1jeuljuo//sdny Wwoiy papeojumod ‘SE ‘2202 ‘820€9T9T


http://crossmark.crossref.org/dialog/?doi=10.1002%2Fadfm.202202366&domain=pdf&date_stamp=2022-06-22
SH-USER1
Text Box
HPSTAR
1445-2022


ADVANCED
SCIENCE NEWS

ADVANCED
FUNCTIONAL
MATERIALS

www.advancedsciencenews.com

LTD is critical for STDP-based unsupervised learning, which
ensures the steady bidirectional evolution of synaptic strength
during learning and leads to a stable bimodal distribution of
synaptic weights. Without this balance, synaptic weights may
easily run away to extreme values, which compromises network
adaptation during the learning phase and reduces the robust-
ness of learning against noise.2¢!

Many strategies are proposed to improve the linearity and
symmetry of conductance changes, such as optimized device/
circuit with 1-transisor/2-resistor (IT2R) structure,’”l com-
plicated pulses programming scheme.?® However, these
approaches either face challenges in terms of limited scal-
ability or high-power consumption. As the nonlinearity and
asymmetry issues primarily arise from the intrinsic resistance
switching mechanism within materials, a sensible approach is
to engineer these microscopic mechanisms to support stable
unsupervised learning.

Ferroelectric tunnel junctions (FTJ) offer several advantages
for emulating synapses given their giant ON/OFF ratio,[23%
fast write/read speed,*¥ low power consumption,*2 and good
cycling endurance.?**% FTJs exhibit memristor-like response
through switching ferroelectric domains with a moderate elec-
tric field, resulting in discrete resistance levels, which are suit-
able for encoding the synaptic weights. However, the initial
domain nucleation gives an initial fast conductance change
followed by a slower conductance variation as the domain
expands. This mechanism is responsible for the nonlinearity
of synaptic adaptation.?3 In addition, residual asymmetry in
the electrodes tends to induce asymmetric switching behavior
as a function of positive and negative voltages.[%! It is known
that ion migration is also sensitive to electric field, one may
expect that ion migration can correct the asymmetry in the
interfacial potential drop and slow down the domain nuclea-
tion rate in FTJs. Hence, judicious control of ion migration
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would effectively improve the linearity and asymmetry of syn-
aptic conductance changes.

Here, we demonstrate an FTJ-type artificial synapse, Au/Cr/
BaTiO;/Nb:SrTiO; (Au/Cr/BTO/NSTO), in which highly linear
and symmetric weight changes were achieved by combining
ferroelectric domain switch and oxygen vacancy migration
mechanisms. To validate their performance in neuromorphic
computing, we simulated two neural network hardware to per-
form supervised and unsupervised learning, respectively. The
supervised pattern recognition exhibited high classification
accuracies of 96.7%, the highest level to date, while the unsu-
pervised pattern recognition rate showed high stability and
excellent robustness against noise.

2. Results

2.1. Structural and Ferroelectric Characterizations

The schematic FTJ structure is shown in Figure 1a. A 1.6 nm-
thick BTO film was deposited on a 0.7 wt% NSTO substrate
through pulse laser deposition (PLD). The Au and Cr films
with thickness of 50 and 5 nm, respectively, were sputtered on
the top of the BTO film as top electrodes. The X-ray diffraction
(XRD) patterns of a 100-nm-thick BTO film prepared similarly
reveal the good epitaxial growth (Figure 1b). The atomically flat
surface with roughness of 113 pm and step-terrace topography
can be observed for the 1.6-nm BTO film (Figure 1c). Piezore-
sponse force microscopy (PFM) phase image shows a =180°
contrast (Figure 1d), and the PFM hysteresis loops exhibit phase
and amplitude saturation (Figure le), demonstrating the ferro-
electric nature of the 1.6-nm BTO film with initial downward
polarization pointing to NSTO substrate (Figure S2, Supporting
Information). The polarization—voltage (P-V) loops of the BTO
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Figure 1. Device structure and basic film properties. a) Schematic diagram of the FTJs, b) XRD of BTO films, c) Surface topography, d) Piezoresponse
force microscopy (PFM) phase image, and e) PFM phase and amplitude loops of the 1.6-nm thick BTO film.
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Figure 2. Electrical characterization of the FT) devices. a) I-V curves, b) R-V loops, and c) retention properties of the device. d) Linear conductance
change with sequential positive and negative pulses measured over five cycles. The amplitudes of pulses were increased from |+2] to |£5| V with a
step voltage of 20 mV. The pulse width was fixed at 1 ms. e,f) the statistical AG versus conductance plots for potentiation and depression processes.

film demonstrate a high level of leak current (Figure S3, Sup-
porting Information). After annealing under high oxygen
pressure, the leak current is significantly inhibited, indicating
a large number of oxygen vacancies V;" free to migrate under
applied electric field in the as-grown BTO film.

2.2. Nonvolatile Resistance Switching

Figure 2a shows the current—voltage (I-V) characteristics of
the FTJs. During the positive voltage scan (0 — Vi — 0 V),
the FTJ changes from a high resistance state (HRS) to a low
resistance state (LRS), whereas it changes from LRS to HRS
during the negative voltage scan (0 — Vi — 0 V), demon-
strating bipolar switching. The resistance-voltage (R-V) hys-
teresis loops were conducted with various pulse widths. The
HRS increases gradually with pulse width (Figure 2b). The
LRS remains at around 1 kQ in the range of 1-100 ps (LRS1),
then decreases to 0.4 kQ (LRS2) as the pulse width increases
to 1 ms. Two important features can be observed in the R-V
loops: first, the device exhibits a wide resistance switch window
=2V (the green shadow area), about four-times of that in other
FTJs (=0.5 V).l For the devices with a narrow voltage window,
the resistance changes abruptly at the threshold bias Vy,, easily
forming a discontinuous and nonlinear resistance variation.l*l
In contrast, for our device, the resistance exhibits a smoother
and almost linear change over a large voltage window. Another
feature is the highly symmetrical character of the HRS—LRS
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and LRS—HRS processes, indicating the same long-term
potentiation and depression is achieved when the polarity of
electrical impulses changes. All resistance states show good
stability over time and remain unchanged for more than 10* s
(Figure 2c).

2.3. Highly Linear and Symmetric LTP/LTD and Supervised
Learning

By alternatively applying positive and negative pulses sequence
(Inset of Figure 2d), L'TP and LTD with high-density nonvolatile
states were obtained within a conductance range of 40-90 uS
(Figure 2d). The conductance change AG induced by a single
pulse was extracted and plotted as a function of device conduct-
ance G (Figure 2e,f). The mean AG was approximately 0.32 and
—0.36 uS for the potentiation and depression processes, respec-
tively, demonstrating a precise modulation below 0.6% has
been achieved. Here, the nonlinearity (NL) of weight update
was defined as:*%

max|G, (n)—Gp(151-n
NL=
Gp(150)-Gp(1)

)|forn=1to 150 (1)

where Gp(n) and Gp(n) are the conductance values after the
n™ potentiation pulse and n™ depression pulse, respectively.
A small NL value indicates high linearity. NL = 0 corresponds
to a completely linear weight update. Our device shows an
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Figure 3. Supervised learning with FT)s-based synapses. a) The designed neural network for implementing the backpropagation algorithm. b) The
training accuracy of FT)s-based synapses and ideal devices. c) The classification accuracy versus nonlinearity of some typical two-terminal artificial

synapses.[142339]

extremely low NL value of 0.13-0.17. To best of our knowledge,
it is the most linear weight update achieved to date among all
two-terminal synapses (Table S1, Supporting Information). In
addition, the similar AG values in potentiation and depression
processes also guarantee a highly symmetric and equilibrium
LTP and LTD process. Especially, the realistic device properties
including the cycle-to-cycle and device-to-device variations were
studied (Figure S4a—d, Supporting Information). The cycle-to-
cycle variation in conductance of our FT] devices is 5.4%, and
the device-to device variation is estimated to be 8.3%. The small
variations show that our FT] device has good uniformity and
reliability.

To demonstrate the advantage of the linear and symmetric
weight update in neural computing, we performed a supervised
pattern classification task in a simulated artificial neural net-
work (ANN) hardware with these FTJ-based synapses (see the
Experimental Section). A three-layer network (Figure 3a) was
built to execute the backpropagation algorithm on the basis of
the conductance update in Figure 2d. The 28 x 28 pixel image
version of handwritten digits from the “Modified National
Institute of Standards and Technology (MNIST)” data set
was employed for the pattern classification task. As shown
in Figure 3b, the classification accuracy exceeds 90% on the
second epoch, and achieves an accuracy as high as 96.7% after
20 training epochs. The accuracy is the highest one to date in
the ANNS, very close to the ideal floating point-based neural net-
work performance of 98%. In particular, the accuracy remains
as high as 92.1% even after considering the influence of the
cycle-to-cycle and device-to-device variations on the neural net-
work simulation (Figure S4e, Supporting Information). In con-
trast, the reference FT] device with a NL coefficient of 0.61-0.65
shows a reduced accuracy of 93.9% without considering
the cycle-to-cycle and device-to-device variations (Figure SS,
Supporting Information). Figure 3c lists the classification accu-
racy versus nonlinearity of some typical two-terminal artificial
synapses. The accuracy depends strongly on the NL value: the
lower the nonlinearity, the higher the classification accuracy.
The linear weight update makes the classification accuracy in
our device the best of all two-terminal devices. Although the
weight update linearity of many devices shows a dependence of
the pulse scheme applied,**!l our device demonstrates low NL
values under both stepped and identical pulse schemes, con-
firming that the high linearity mainly arises from the intrinsic
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resistance switching mechanism rather than the pulses pro-
gramming (Figure S6 and Table S2, Supporting Information).

2.4. STDP and Unsupervised Learning

With the highly symmetric weight update, an STDP learning
with balanced LTP and LTD is anticipated. STDP is a typical form
of long-term plasticity, through which the synaptic strengths
evolve depending on the relative timing between presynaptic
and postsynaptic spikes. To simulate STDP, two spikes similar
to the biological nerve signals (Inset of Figure 4a and Figure S7,
Supporting Information) with time delay At = t,,q — fpre
were fed into the presynaptic neuron (the Au/Cr electrode)
and postsynaptic neuron (the NSTO electrode), respectively.
At varied as the weight of the FT] synapse was recorded. As
shown in Figure 4a, the change of synaptic weight AW depends
strongly on At: LTP occurs if At > 0 and LTD occurs if At < 0.
The AW(At) curve of our device is phenomenologically con-
sistent with the antisymmetric Hebbian learning STDP form.
The STDP curves were further quantitatively analyze by fitting
with the formula:

At

T

A+exp( )+AW0+ At>0
AW (At)=

—-A_ exp(ﬁ)+ AW,_ At<0
(-

where A, and A_ are parameters regulating the modulation
magnitude of synaptic potentiation and depression; 7, and 7
regulate the temporal range over which LTP and LTD occur;
AW, . and AW, _ are constants. The best fit of experimental data
gives A, = 50.01/52.18, 7, = 1.00/1.11, and AW, , = 0.20/2.14.

The % =0.96 and z—+ =0.90 show rough equality between LIP

and ITD, indicating a balanced STDP curve.?*I It is note-
worthy that the balanced STDP is independent of initial states
(Figure S8, Supporting Information). Thus, our device is supe-
rior to conventional FT] synapses for the latter exhibit initial
weight-dependent STDP curves,?3 and thus lead to extremely
enhanced LTP over LTD for small initial weight and extremely
enhanced LTD over LTP for large initial weight.
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Figure 4. Unsupervised learning with FT)-based synapses. a) The STDP learning curve with balanced LTP and LTD. Inset: The spike schemes of the
pre- and postsynaptic. b) The proposed fully connected spiking neural network for implementing the unsupervised learning through STDP. It has two
layers: input layer including 25 input neurons, and output layer including five output neurons. The output neurons are lateral inhibited connected.
c) Synaptic weight changes during a learning session. Each 5 x 5 matrix represents the group of 25 synapses contributing to the output neurons 1 to
5. As the number of epochs (from top to bottom) increases, the SNN specializes each postneuron to recognize a different character. d) Distribution
of the synaptic weights during the training session. e) The variation of the recognition rate with the noise level.

To demonstrate the advantage of the balanced STDP, an
unsupervised pattern recognition task was performed in the
simulated spiking neural network hardware (see the Experi-
mental Section).’”*! Figure 4b shows the SNN including 125
FTJ-based synapses that can perform the STDP-based unsuper-
vised learning. The construction of the SNN follows winner-
takes-all strategy. During training, five capital characters (Q, L,
U, O, and T) given as 5 x 5 pixel images were presented to the
SNN. Each input neuron codes for one pixel of the image. Every
output neuron integrates the input signals flowing through
the FTJ synapses and is specialized to recognize one specific
image at the end of learning. The evolution of synaptic weight
and the weight distribution of the 125 synapses as a function
of training epochs are demonstrated in Figure 4c,d, respec-
tively. Initially, synaptic weights are set to be randomly distrib-
uted and the patterns are completely unrecognizable. During
learning, the weights of the 125 synapses autonomously evolve
according to the STDP curve in Figure 4a. The learning ends up
with a stable bimodal distribution of synaptic weights after 100
epochs (Figure 4d). Correspondingly, the characters are clearly
recognized at the synaptic level and the five output neurons are
specialized to each of the five images (Figure 4c). In addition,
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the simulation also reveals that the recognition rate is robust
against noise. As shown in Figure 4e, for images with noise
levels below 0.5-times of the input amplitude, the recognition
rate remains =100%. The recognition rate still maintains 80%
when noise level increases to 0.8-times of the input ampli-
tude. In contrast, an unbalanced STDP curve fails the unsu-
pervised learning task even with a noise-free image (Figure S9,
Supporting Information). Our device demonstrates that the bal-
anced STDP contributes greatly to the robustness of unsuper-
vised learning.

2.5. Mechanism of Resistance Switching

The highly selective pattern classifiers in our work are obtained
purely by improving the conductance variations of their
memristive synapses. The results suggest a novel strategy for
improving the capabilities of pattern recognition of supervised
and unsupervised neuromorphic computers. To understand the
mechanism of the linear and symmetric conductance changes
of the FTJ-based memristors, we further explore their resist-
ance switching kinetics. The common mechanism for FTJs is
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based on the ferroelectric polarization switching, which could
control the tunnel resistance states by changing tunneling
potential barrier height and width.* This ferroelectric domain
switching mechanism is confirmed to exist in our FT] device
(Note 10, Supporting Information). In addition, Vy, migration
could also contribute to resistance switching in the oxide either
by forming oxygen vacancy filaments, or by modulating the
Schottky barrier. Considering that the typical switching time
of ferroelectric polarization is 10#-107 s,1*! the enhanced HRS
and decreased LRS by 1 ms pulse width (Figure 2b) confirms
the contribution of V; migration to resistance switching. For
filamentary-type conduction, the resistance of LRS is inde-
pendent of electrode area.?’! When the top electrode area of
our device is increased tenfold, the resistance is reduced by an
order of magnitude (Figure S12, Supporting Information), thus
a filamentary conduction mechanism may be excluded. The
Vo' migrate and accumulate at the interfaces, modulating the
Schottky barrier height, hence the resistance.

To identify the tunneling mechanism underpinning the
device resistance (Figure 2a,b), we analyzed the -V curves of
the device for both LRS and HRS (Note 12, Supporting Infor-
mation). It is found that the direct tunneling (DT) mechanism
dominates the LRS in the low-bias regime, and the Fowler—Nor-
dheim tunneling (FNT) mechanism dominates the high-bias
regime (Figure 5a). The DT barrier height at Cr/BTO and BTO/
NSTO interfaces are 0.577 and 0.164 eV, respectively. For the
HRS state, the thermionic injection (TE) mode is responsible
for the transport (Figure 5b), where the Schottky barrier height
is estimated to be 0.59 eV (Figure S13, Supporting Informa-
tion). The schematic band diagram of the junction at LRS and
HRS may then be deduced, as shown in Figure 5c. At LRS, the
polarization points downward to the NSTO, meanwhile the V;;
migrate from the Cr/BTO interface to the interior of the BTO
film under the positive bias. In this case, DT conduction domi-
nates the transport process. At HRS, V,, accumulate at the Cr/
NSTO interface, and the ferroelectric polarization switches

upward pointing to the top electrode. As a result, a deple-
tion layer is formed in the NSTO substrate. Thus, a wide bar-
rier can be obtained and TE is the dominant mechanism.

For an FTJ hosting a polarization-only switch mechanism,
the device should exhibit a narrow voltage window for the
resistance switch because of the uniform polarization switch
kinetics.’”) On the other hand, with the pure oxygen vacancy
migration mechanism, an asymmetric R-V loop would be
obtained because V; diffuses more easily than it accumu-
lates.”] The above two mechanisms, ferroelectric polariza-
tion switch and oxygen vacancy migration under applied bias,
coexist in the devices, and contribute collaboratively to the
resistance switching. The two mechanisms interact with each
other through Coulomb interactions, e.g., domain nucleation
rate can be inhibited by V, migration, and the V; diffusion
is suppressed by ferroelectric domains. The combined action
of polarization and diffusion widens the voltage window over
which the resistance switches and gives a linear change in con-
ductance. To further confirm the contribution of V;; migration
on the conductance variation, we fabricated a reference FTJ
device, in which the BTO film is deposited under a high oxygen
pressure of 0.5 Torr, and the dominant resistance switching
mechanism is ferroelectric domain reversal. Without the con-
tribution of V;; migration, the reference device exhibits a much
higher nonlinear character with NL of 0.61-0.65 (Figure S5a,
Supporting Information).

Increasing the pulse width drives more V;; to accumulate at
the Cr/BTO interface, enhancing the Schottky barrier, and con-
sequently increasing HRS. Considering that the mobility of Vg
in BTO is about 107'-107"2 cm?/Vs,¥¥l it takes several millisec-
onds for the V' to migrate from the Cr/BTO interface to the
BTO/NSTO interface. A pulse width of 1 ms is therefore suf-
ficient for the dynamics of V' diffusion to reach the steady state
and V;' to fully accumulate at BTO/NSTO interface under the
positive bias, further reducing barrier height, and enhancing
the conduction of the LRS (Figure 2b).
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Figure 5. Transport mechanism for the FTJs. a,b) Measured and fitted -V curves of LRS and HRS for the device. ¢) Band diagram for HRS, LRS],
and LRS2. HRS is achieved by applying a negative bias on the top electrode, where the polarization points upward and V5 accumulate at the Cr/BTO
interface. LRS1 is obtained when a positive bias is applied, the polarization point downward to the NSTO substrate, and Vg drift away from the Cr/
BTO interface. With a sufficiently long pulse width, the V5 would accumulate at BTO/NSTO interface, which further reduces barrier height and LRS2
is obtained.
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The selection of electrodes is another critical factor to
achieve highly symmetric conductance change in the FTJ. The
two electrodes in our device, Cr and NSTO exhibit small differ-
ences in work function (4.5 eV for Cr and =4.08 eV for NSTO),
this causes band bending between the top and bottom interface
is easily compensated by V,;, arising a symmetric conductance
variation. In contrast, for the FT] with Pt and NSTO electrodes,
symmetric resistance switching is difficult to achieve even
at extremely high V; concentration because the top electrode
(5.6 eV for Pt) shows a much higher work function than the
bottom one.*]

3. Conclusion

In summary, we presented a high-performance FTJ-type arti-
ficial synapse with highly symmetric, linear, and accurate
weight update by combining ferroelectric domain switch and
oxygen vacancy migration mechanisms. Based on these syn-
aptic devices, a simulated ANN hardware that can perform
supervised learning exhibited classification accuracy as high as
96.7% for the MNIST character set, which is the highest to date.
Moreover, a balanced STDP curve is obtained. Consequently,
unsupervised learning with high robustness against noise is
achieved. The elegance of this approach is to avoid redundant
circuits that correct nonlinearity in conventional synapses. Our
findings demonstrate the potential of ferroelectric materials
incorporating vacancy migration for high-performance neuro-
morphic computation.

4. Experimental Section

Device Preparation: Epitaxial BTO thin films were fabricated on
(001)-oriented Nb:SrTiO; (Nb:0.7wt%) substrates by pulsed laser
deposition using a KrF excimer laser at a frequency of 2 Hz (1= 248 nm).
During deposition, the substrate temperature was held at 780 °C, and
the oxygen partial pressure was 0.1 Torr. The artificial synapse with an
electrode area of 30 x 30 um? was defined by Laser direct-writing and
evaporated Cr (5 nm thick), followed by a capping layer of Au (50 nm
thick).

Characterization: X-ray diffraction (XRD) was performed on a
Rigaku SmartLab X-ray diffractometer with Cu Ko radiation. Surface
topographies of the heterostructure were ensured by AFM at contact
mode (MFP-3D, Asylum Research). Ferroelectric properties were
measured by means of piezoresponse force microscopy (PFM) in the
DART (dual a.c. resonance tracking) mode. The room temperature P-V
hysteresis loops were measured by using a Radiant Precision Premium ||
ferroelectric tester (Radiant Technology, USA).

Electrical Measurements: Electrical characterizations were measured
by a Keithley 2410 SourceMeter with homemade programs and an ArC
ONE system. The sample was placed in ESP4 probe station with 1 um
tungsten steel gold-plated probe.

Supervised Learning: The artificial neural network (ANN) for
performing supervised learning was simulated with a Python
package called CrossSim.*l The package can be used to simulate the
neuromorphic computing based on memristor crossbar. It is widely used
in research related to memristor-based neuromorphic computing.[65031
As shown in Figure 3a, the simulated ANN consisted of three layers,
including the input layer, hidden layer, and output layer. The number of
the input points was dependent on the number of image pixels, and the
number of output points was dependent on the number of images to be
identified. For MNIST images (28 x 28 pixels), the network size of 784
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(input layer) x 300 x 10 (output layer) was used. A 6000-image
training set was used and then a 1000-image testing set was employed
to assess the performance of the supervised learning.

Unsupervised learning: The spiking neural network (SNN) for
performing unsupervised learning was simulated in MATLAB
environment by modifying the “Kohonen network”. The details are
displayed in Note 13 (Supporting Information).

Statistical analysis: All statistical analyses are done in R language. The
cycle-to-cycle variation in conductance is counted from the conductance
modulation of 100 cycles. The result is presented in Figure S4b
(Supporting Information) as mean * standard deviation. The device-
to-device variation in conductance and nonlinearity is calculated by
measuring conductance modulation for five cycles from five different
devices. The result is presented as mean * standard deviation in
Figure S4d (Supporting Information).

Supporting Information

Supporting Information is available from the Wiley Online Library or
from the author.
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