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In this work, a wide-range operating synaptic device based on organic ferroelectricity has been demonstrated.
The device possesses a simple two-terminal structure by using a ferroelectric phase-separated polymer blend
as the active layer and gold/indium tin oxide (ITO) as the top/bottom electrodes, and exhibits a distinctive
history-dependent resistive switching behavior at room temperature. And the device with low energy
consumption (~50 fJ pm~2 per synaptic event) can provide a reliable synaptic function of potentiation,
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In addition, using simulations, the accuracy of 32 x 32 pixel image recognition is improved from 76.21% to

DOI: 10.1039/c8ra04403a 85.06% in the classical model Cifar-10 with 1024 levels of the device, which is an important step towards
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Introduction

With approximately 10 synapses, the extremely complex human
cerebral cortex is difficult to implement on the hardware based on
traditional semiconductor integrated circuit technology." To
provide comparable complexity and manageable power dissipa-
tion, hybrid neuromorphic networks composed of complementary
metal-oxide semiconductor (CMOS) circuits and adjustable two-
terminal resistive devices (synaptic devices) have been
proposed.>* Unlike conventional von Neumann type computers,
these networks enable adaptable and high-efficiency computing by
implementing massive parallelism at a physical level.** In biolog-
ical neural networks, the realization of learning and memory
behavior is essentially based on the adjustment of relative synaptic
connection strengths (Z.e., the synaptic weights) between pre- and
postsynaptic neurons.*” Similarly in this hybrid neuromorphic
network, the synaptic devices which mimic biological synapses can
provide a series of weight levels under continuous pulse stimula-
tions. And each value of these weight levels can represent a certain
synaptic weight reflecting the relative synaptic connection
strength. In this way, the function of the human brain, such as
image recognition, can be well realized."*
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the higher performance goal in image recognition based on memristive neuromorphic networks.

For learning more complex input patterns and reducing the
error rate of image recognition, wide-range operating (i.e. more
levels under continuous pulses) synaptic devices are desperately
desired, which have the ability to provide more training
epochs.™® In a typical training epoch of an artificial neural
network, patterns from the training set were applied in the form
of voltage pulse, one by one, to the network's input, and its
outputs in the form of current value were used to calculate the
change of weight (conductance) through a series of training
algorithms.* According to the result, a certain pulse sequence
would be applied to the corresponding synaptic device to
update weight. The more complex input patterns often need
more training epochs in order to meet a higher performance
goal (indicated by a smaller error).” So synaptic device with
more weight levels under continuous pulses is becoming
a focus of research, attracting a large number of researchers. To
achieve these goals, several types of electronic devices based on
organic materials with different mechanisms - including redox
reaction,'*™ charge trapping and de-trapping,'** filamentary
switching,'®'” ferroelectric switching® and ion migration*** -
have been proposed as a synapse for neuromorphic computing
application. In comparison to the inorganic counterparts, the
organic devices distinguish themselves with low-cost, easy
solution processability, large-area implementation, mechanical
flexibility and ductility, and more importantly, tunable elec-
tronic properties by designing molecular structure and the
possibility of forming self-assembled three dimensional (3D)
structures.”®?*” In addition, current synaptic device still
consume energy that is orders of magnitude greater than bio-
logical synapses, and reduction of energy consumption of arti-
ficial synapses remains a difficult challenge.*
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In this study, a wide-range operating synaptic device based
on organic ferroelectricity with low energy consumption is
demonstrated. As the fundamental requirements for mimicking
biological synapse,*® history-dependent synaptic behaviors of
the device were observed in the experiment. In addition to the
potentiation and depression of a biological synapse, the
complex memory behavior of differential responses to diverse
stimulations can also be well simulated with the device. This
device can provide 1024 levels under continuous pulses, which
are expected to improve the accuracy of 32 x 32 pixel image
recognition to 85.06% from 76.21% of 256 levels by using
simulations in the classical model Cifar-10. These demonstra-
tions show the possibility of achieving a higher performance
goal in image recognition based on memristive neuromorphic
networks.

Experimental
Device preparation

The random copolymer of poly(vinylidene fluoride-
trifluoroethylene) [P(VDF-TrFE)] (65-35%) and the semi-
conducting components poly(9,9-dioctylfluorene) (PFO) used in
present experiment were commercially available without any
further purification. Blend solutions with a concentration of
30 mg ml ™" were prepared by co-dissolving P(VDF-TrFE) and
PFO in tetrahydrofuran (THF) (99.8%) at 50 °C. The PFO ratio of
P(VDF-TrFE) : PFO blend films was 10 wt% in weight. The
P(VDF-TrFE) : PFO (90 : 10) thin films were spin-coated, then
annealed at 140 °C in vacuum for 2 h. Before coating, the blend
solution and substrates were preheating to 50 °C and 100 °C
respectively. The devices with the thickness of around 390 nm
were completed by the evaporation of copper phthalocyanine
(CuPc, 50 nm) and gold top contact (Au, 80 nm) through
a shadow mask in a vacuum chamber (around 2.0 x 10° Pa)
successively. The deposition rate of CuPc and Au was about 0.4
and 0.5 A s~! respectively. The device area is 6 mm?>.

Characterization

All electrical measurements were carried out by the Agilent
B1500A semiconductor device analyzer. The voltage pulse and
wave signals were generated by Agilent 33220A wave generator
and power amplifier.

Results and discussion

Organic ferroelectric materials, represented by P(VDF-TrFE),
distinguish themselves with its relatively low crystallization
temperature (~140 °C), a relatively large remanent polarization
and a short switching time.* When blending the insulating
ferroelectric P(VDF-TrFE) and a semiconducting polymer,
a conducting composite with distinct ferroelectric and semi-
conducting areas can be obtained, which enable an indepen-
dent tuning of the ferroelectric and conductive properties of the
composite film.>® Besides, it was demonstrated that the
maximum barrier that can be switched by the P(VDF-TrFE)
ferroelectric polarization is 1.6 eV.** For the PFO/ITO
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interface, the injection barrier, which is the difference
between the ITO work function (~4.7 eV) and PFO ionization
potential (~6.1 eV), is about 1.4 eV. This relatively high barrier is
expected to generate more conductance levels due to a broader
adjusting range of the injection barrier progressively polarized
by P(VDF-TrFE) component under continuous pulses. On these
foundations, a wide-range operating synaptic device with
a simple two-terminal structure, by using a ferroelectric phase-
separated polymer blend [P(VDF-TrFE) and PFO] as the active
layer and Au/ITO as top/bottom electrodes, have been fabri-
cated, which is illustrated schematically in Fig. 1a. More
importantly, a layer of CuPc, which is a very robust material, is
first used to fill up the rough interface of Au and the polymer
blend. The film of CuPc can effectively prevent the previously
reported formation of the metallic conducting channels,
making the device more stable.*

The device exhibits a distinctive history-dependent resistive
switching behavior at room temperature, as plotted in the
current-voltage (I-V) characteristics of Fig. 1c with the Au
electrode grounded and the ITO electrode applied with a scan-
ning voltage and of Fig. 1d with the opposite direction. The
operation mechanism of a polymeric ferroelectric inter-
penetrating network is shown in Fig. 1b, the left of which
corresponds to Fig. 1c while the right corresponds to Fig. 1d. As
for Fig. 1c, the P(VDF-TrFE) component was initially polarized
completely in the opposite direction by applying a voltage of
—20 V with a period of time. Upon being subjected to each
consecutive positive voltage sweep circleof 0OV — 10V — 0V at
the ITO electrode, the polarization of P(VDF-TrFE) component
was enhanced bit by bit. Owing to the poling, a negative
polarization charge is built up in the ferroelectric P(VDF-TrFE).
To neutralize the polarization charges, holes will accumulate in

() (b) T

Au
CuPc
P(VDF-TrFE)
/ PFO

ITO
Glass

s

- °
1. 04 3
e 3 -0.8 t
g 2 12 ¢
3 :) 1.6 3
0123456780910 6 -5 -4 3 -2 -1 0
Voltage (V) Voltage (V)
Fig. 1 (a) Schematic illustration of the Au/CuPc/P(VDF-TrFE) + PFO/

ITO synaptic device. (b) Sketch of the operation mechanism of
a polymeric ferroelectric interpenetrating network. Polarization of the
ferroelectric phase leads to accumulation of charges in the organic
semiconductor domain, which modulates the injection barrier of the
semiconductor/electrode interface leading to the change of the
device conductance. The positive (c) and negative (d) current—voltage
characteristics of the synaptic device showing a distinctive history-
dependent resistive switching behavior. The step width of voltage
sweeps are 0.15V and 0.06 V, respectively. Inset: an equivalent circuit
model of the device.
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the semiconducting phase PFO and in the ITO electrode. The
band diagram at the ITO electrode along the cross section A-B in
Fig. 1b is shown in Fig. S1b of ESL.f The accumulated charge
gives rise to strong band bending in the PFO semiconductor,
which effectively reduces the injection barrier at the interface
between ITO and PFO. The charge injection as indicated by the
arrows in Fig. S1bt is then strongly enhanced and the contact
becomes ohmic, resulting in the increase of the device
conductance.**** The same mechanism happens in the CuPc/
PFO interface when applied the opposite direction voltage, the
result of which is shown in Fig. 1d. And the retention time (over
24 h) of the device based on ferroelectric phase-separated blend
have been demonstrated in the ref. 32. That is to say, the main
active interface is different under the different direction of
applied voltage, which is ITO/PFO interface in Fig. 1c or CuPc/
PFO interface in Fig. 1d. So the device can be equivalent to
two memristor in series with a respective diode connected in
parallel. An equivalent circuit model of the device is shown in
Fig. 1c and d inset.

As seen from Fig. 1c and d, both directions of voltage sweeps
tends to increase the current. While in the actual training
system, each synapse is often implemented with two synaptic
devices in order to speed up the convergence process of training
algorithm in the system." In this case, synaptic weight (W) is
characterized by the difference between the effective conduc-
tances of these two devices represented as G, and G_ (W = G, —
G_). The increase/decrease of synaptic weight (W) is character-
ized by the increase of G,/G_ which is the conductance of each
device. That is to say, as for a single device, only positive I-V
characteristics will be used in the training system. In our device,
there are two memristive mode M1 and M2 shown in Fig. 1c and
d inset, which can be used separately or jointly such as the
emulation of a biological synapse in the form of M1-M1, M2-
M2 or M1-M2. The injection barrier between CuPc (~5.3 eV)
and PFO (~6.1 eV) is 0.8 eV, lower than the interface ITO/PFO of
1.4 eV. Thus, M2 (main active interface is CuPc/PFO) has lower
operating voltage 6 V and energy consumption (~50 nJ] mm >
per synaptic event) than M1, while M1 has more levels under
continuous pulses. These features make it possible to switch
two modes by changing the direction of applied voltage
according to needs. Further optimization of device performance
can be done from two aspects. One is to reduce the size of device
fabricated by lithography technology, and we estimate that
a device with area of 0.1 um? may use as little as 5 ] per oper-
ation, which is close to a natural synapse (~10 fJ per opera-
tion).” Another is to optimize the device thickness and
structure, which can decrease both energy consumption and
operating voltage. Besides, for high performance in image
recognition, the positive mode M1 is used in the following
experiment.

The potentiation and depression of biological synapse,
which are considered as the neurobiological basis of the human
brain memory functions," are well simulated with this device.
As mentioned before, synaptic weight (W) is characterized by
the difference between the effective conductances of two devices
represented as G, and G_ (W= G, — G_). At first, synaptic device
G, was subjected to 200 consecutive positive pulses with the
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amplitude of 10 V, duration of 50 ms. And then synaptic device
G_ was immediately subjected to 200 consecutive positive pul-
ses with the same amplitude and duration. The change trend of
W in the whole process is shown in Fig. 2a, which is extremely
smooth and stable without significant disturbance. The main
reason is due to the relatively good polarization stability of
P(VDF-TTFE), and meanwhile it can be polarized progressively
under continuous pulses. Obviously, the synaptic connection
has been well potentiated or depressed with the consecutive
pulses, which lay a good foundation for the emulation of more
complex learning and memory behavior.

In the human brain, memory strength depends on the way in
which the information was learned. This can also be well
simulated with the device. Here, the conductance of the device
is analogous to the memory state, while the “learning” condi-
tions (i.e., the stimulation conditions) can be varied by
changing the pulse number, the pulse voltage and the pulse
width.**** The influence of the pulse number on the synaptic
weight can be seen obviously in the first 200 pulses of Fig. 2a,
which resembles the phenomenon that the more stimulations
lead to the stronger synaptic connection. In order to demon-
strate the effect of the pulse height and pulse width on the
synaptic weight, the number of the applied pulses is fixed at
a constant of 10 while changing the pulse voltage from 10 to
20 V with constant pulse width of 500 ms and the pulse width
from 100 to 900 ms with constant pulse voltage of 15 V,
respectively. The relative changes of conductance versus pulse
numbers under different pulse voltage or pulse width were
plotted in Fig. 2b or c¢. With the increase of the pulse height or
the pulse width, the synaptic weight characterized by conduc-
tance of the device increase dramatically. The main reason is
that the polarization of P(VDF-TrFE) component is enhanced
more greatly under each pulse, leading to a sharply slump in
injection barrier of ITO/PFO interface. These demonstrations
indicate that synaptic connection depends heavily on the
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Fig. 2 (a) The potentiation and depression of synaptic weight W (W =

G, — G_). The relative changes of conductance versus pulse numbers
under (b) pulse voltage of 10 to 20 V, pulse width of 500 ms and (c)
pulse voltage of 15V, pulse width of 100 to 900 ms, respectively.
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stimulation number and the stimulation strength (i.e., the pulse
height and width), similar to the memory behavior of the
human brain.

To quantitatively demonstrate the extremely wide-range
operating performance, the device was programmed by a series
of identical positive pulses with the amplitude of 15 V, duration
of 50 ms, and period of 200 ms. Fig. 3a shows continuous
response of a single device to the 1024 spike pulses, which has
good reproducibility among different devices with the same
process parameters. The whole response curve is relatively
smooth. During the first 400 pulses, the conductance increases
sublinearly and the conductance difference between contiguous
levels decreases gradually, the partial detail of which is shown in
Fig. 3b. After then the increase of conductance is close to linear
while the conductance difference between contiguous levels
maintains at around 0.06 uS, which is shown in Fig. 3c. Essen-
tially, the conductance change is attributed to the modulation of
the injection barrier polarized by P(VDF-TrFE) component under
applied pulse.****> When the device was applied pulses continu-
ously, the polarization of P(VDF-TrFE) component can be
enhanced easily at first, and then become slowly, which lead to
the trend of conductance change.

Compared with other three terminals synaptic device based
on ferroelectric switching, our device has simpler structure and
is more close to biological synapse in morphology. These
features make it possible to form higher-density neuromorphic
computing networks. Besides, in comparison to other synaptic
device with similar structure, this device with comparable
energy consumption can provide 1024 levels under continuous
pulses, more than all results reported so far.

In order to prove the great benefit of the device with 1024 levels
to the image recognition, simulation experiment was carried out
with a classical image dataset called Cifar-10 and its neural
network model. Cifar-10 has 60 000 colorful images of 32 x 32
pixel in 10 classes, 50 000 images of which for training and 10 000
images for testing.*>*® An example of image recognition with
neural network model of 13 layers including five convolution layers
is sketched in Fig. 4a. In this simulation experiments, a weight
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Fig. 3 (a) The device was programmed by 1024 identical positive
pulses with the amplitude of 15V, duration of 50 ms, and period of 200
ms (b) and (c) the detail of the dashed frames in (a) shows the
conductance difference between contiguous levels (AG.).
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network model of Cifar-10. The weight distribution of (b) the original,
(c) 10 bit quantization and (d) 8 bit quantization. (e) The recognition
accuracy during the testing process with the original weight array and
quantized weight array of 6 bit to 14 bit.

array composed of 145 578 weights is obtained at first after a series
of training epochs, which brings almost the best recognition
accuracy of 89.98% remaining basically unchanged with more
training epochs. The weight distribution is shown in Fig. 4b. Then
the weight array has been separately density-quantized in different
bit (from 6 bit to 14 bit). Density quantization is a type of quan-
tizing method, which is to divide the amount of weight values into
equal parts and replace the value in each part with the interme-
diate.>*° The typical distributions of 10 bit and 8 bit are shown in
Fig. 4c and d respectively. With the decrease of quantization bit,
the weight distribution becomes more discrete and dispersed,
improving system efficiency at the expense of the recognition
accuracy. Finally, we import the processed weight array to the
Cifar-10 model and take image recognition test, respectively.
Fig. 4e shows the result of recognition accuracy with quantized
weight array of different bits. As the number of bits increases from
6 to 14, the recognition accuracy is correspondingly 74.5%,
76.21%, 85.06%), 89.9% and 90.11%, rising rapidly at first and then
tending to an upper limit that is almost the best recognition
accuracy of the original. 10 bit (corresponding to 1024 levels) with
the accuracy of 85.06% is much better than 8 bit (corresponding to
256 levels) with that of 76.21%, while 12 bit is almost close to the
original. Obviously, a certain amount of weight levels is indis-
pensable for improving the recognition accuracy.

Conclusions

In conclusion, we have demonstrated a wide-range operating
synaptic device with low energy consumption based on organic
ferroelectricity for image recognition. The device possesses
a simple structure of Au/CuPc/P(VDF-TrFE) + PFO/ITO, which
exhibits a distinctive history-dependent resistive switching
behavior at room temperature. And a minimum energy
consumption as low as ~50 nJ mm™> per synaptic event was
achieved. We estimate that a device with an area of 0.1 um> may
use as little as 5 fJ per operation, which is close to a natural

This journal is © The Royal Society of Chemistry 2018
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synapse. The synaptic connection controlled by the applied pul-
se's features (number, width and height) has been implemented
with the device, which closely emulates the memory behavior and
depends heavily on the way in which the information is learned.
This device can provide 1024 levels under continuous pulses,
which are expected to improve the accuracy of 32 x 32 pixel
image recognition to 85.06% from 76.21% of 256 levels by using
simulations in the classical model Cifar-10. This is an important
step towards a higher performance goal in image recognition
based on memristive neuromorphic networks. In further study,
more efforts can be focused on optimization of the device
thickness and structure for lower energy consumption and wider-
range operating performance. With the emerge of synaptic
devices with more levels under continuous pulses in the future,
the recognition accuracy would be further improved and more
complex patterns could be recognized.
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