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ABSTRACT: Nonvolatile, ﬂexible artiﬁcial synapses that can
be used for brain-inspired computing are highly desirable for
emerging applications such as human−machine interfaces, soft
robotics, medical implants, and biological studies. Printed
devices based on organic materials are very promising for
these applications due to their sensitivity to ion injection,
intrinsic printability, biocompatibility, and great potential for ﬂexible/stretchable electronics. Herein, we report the experimental
realization of a nonvolatile artiﬁcial synapse using organic polymers in a scalable fabrication process. The three-terminal
electrochemical neuromorphic device successfully emulates the key features of biological synapses: long-term potentiation/
depression, spike timing-dependent plasticity learning rule, paired-pulse facilitation, and ultralow energy consumption. The
artiﬁcial synapse network exhibits an excellent endurance against bending tests and enables a direct emulation of logic gates,
which shows the feasibility of using them in futuristic hierarchical neural networks. Based on our demonstration of 100 distinct,
nonvolatile conductance states, we achieved a high accuracy in pattern recognition and face classiﬁcation neural network
simulations.
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INTRODUCTION
The human brain can manage eﬃcient information processing,
learning, and memory with extremely low energy consumption.
Artiﬁcial intelligence (e.g., AlphaGo) based on multicore chips
with traditional complementary-metal−oxide−semiconductor
(CMOS) has exhibited the revolutionary computing power of
neural networks.1,2 However, due to the physical separation of
computing and memory units (von Neumann bottleneck),
traditional CMOS devices and circuits are not ideal for
neuromorphic computing in regard to energy consumption
and design complexity.3 Inspired by synaptic activity in
biological processes, electronic devices with tunable resistance,
such as memristors,4−13 phase-change memory,14−16 ﬁeldeﬀect transistors,17,18 spintronic,19−21 and ferroelectric devices,22,23 have been widely demonstrated to emulate synaptic
operations, including long-term potentiation/depression
(LTP/LTD), short-term potentiation/depression (STP/
STD), and low-power consumption, with the device
conductance representing the synaptic weight. Although
memristors have been developed as a nonvolatile resistive
random-access memory with high endurance and fast read/
write abilities,24,25 these devices cannot achieve long retention
time and low-power switching at the same time.
Organic electrochemical devices can overcome the above
dilemma with a unique switching mechanism.26−28 A recently
developed conductance-tuning mechanism26,29,30 can make
organic electronic devices work as a battery: upon applying an
electric voltage pulse to the device, the proton concentration in
© 2019 American Chemical Society

the channel material changes due to redox reaction, thus
changing the ﬁlm conductance; a counter-redox reaction in the
gate can keep electrical neutrality through the device. As a
result, the proton concentration in the organic ﬁlm changes,
thus ﬁlm conductance changes. Due to their biocompatibility,
low-power consumption, and ﬂexibility, organic memristive
devices have great potential to act as memory and perform
analog information processing in wearable electronics and
brain−machine interface applications.26,29−31 Recently, there
have been great progress on artiﬁcial synapses based on organic
ﬁeld-eﬀect transistors.32,33 Although various synaptic behaviors
and ﬂexibilities have been demonstrated, switching between
multistage has not been proved yet. In spite of the great
potential of using multistage organic electrochemical devices
for neuromorphic computing, the progress has been hindered
by the diﬃculty in making such a device. Previous
demonstrations were often limited to single or a few devices,
and those devices were usually bulky in size or may even
involve the use of liquid electrolyte, making integration of
arrays of devices nearly impossible.
In this article, we demonstrate the use of screen printing to
produce an array of all-solid, three-terminal neuromorphic
devices with a layer of polydiallyldimethylammonium chloride
(PDADMAC) electrolyte on top of two poly(3,4-ethylene
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Figure 1. Fully printed organic neuromorphic devices. (a) Schematic illustration of the key fabrication procedures for organic neuromorphic
devices with printing technology. (b, c) Schematic showing a switching mechanism in “read” and “write” operations in the organic neuromorphic
devices. During the read operation (left), the external switch is open to forbid electron ﬂow, leading to a stable channel conductance. During the
write operation (right), the external switch is closed, permitting electrons to ﬂow in and out of the gate, resulting in changes of channel
conductance. (d) Image of a device array with 45 organic neuromorphic devices. Scale bar is 1 cm. (e, f) Magniﬁed image of one device in the array,
clearly showing the PEDOT:PSS layer before electrolyte layer patterning (e) and the PDADMAC ﬁlm after patterning (f). Both scale bars
represent 2 mm. (g) The photograph of an array of organic neuromorphic devices on a ﬂexible substrate while being bent. Scale bar is 1 cm.

■

dioxythiophene):polystyrene sulfonate (PEDOT:PSS) ﬁlms.
Screen printing is a cost-eﬀective and scalable technology
compatible with organics with high throughput and lowtemperature processing.34,35 The fabricated devices can
successfully emulate the basic characteristics of biological
synapses, including long-term potentiation/depression, spike
timing-dependent plasticity (STDP), paired-pulse facilitation
(PPF), and ultralow energy consumption. Our all-solid-state
devices pave the way to low-cost and highly scalable fabrication
of ﬂexible neuromorphic device arrays, which would allow the
integration of electronics with on-board computing and
learning capability in implantable prosthetics or other wearable
electronic systems. Furthermore, the demonstrated ﬂexibility
of the devices shows the potential for a three-dimensional
integrated system.

RESULTS AND DISCUSSION
The fabrication process of our organic-based ﬂexible neuromorphic devices is illustrated in Figure 1a. We developed a
three-step printing process with high yield and high uniformity,
using silver conductive ink as the metal contact, using
PEDOT:PSS as the postsynaptic and presynaptic electrodes,
and using PDADMAC ﬁlm as the solid electrolyte. Silver
nanoparticle ink was ﬁrst printed through a screen mesh on a
ﬂexible poly(ethylene terephthalate) (PET) substrate. To
enable aqueous ink deposition, we modiﬁed the surface energy
of the patterned silver layer and PET surface with oxygen
plasma treatment (Figure S1, Supporting Information). A thin
ﬁlm of water-based PEDOT:PSS dispersions was then screen
printed as the active layer, followed by a double-layer printing
of a thick layer of PDADMAC electrolyte. PEDOT is an
electronic semiconductor degenerately doped by the ionconducting electrical insulator PSS. The electrical conductivity
of PEDOT:PSS-based polymer can be tuned by the local16750
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Figure 2. Long-term neuromorphic behavior. (a) Long-term potentiation and depression exhibiting 100 discrete states when the device is
programmed with presynaptic pulses. The two insets are zoom-in plots showing the individual states. (b) LTP/LTD cycling stress tests when the
organic neuromorphic device is in a relaxed state (upper panel) and after 500 bending cycles (bottom panel). (c) State retention for organic
neuromorphic devices. The conductance is monitored for 10 s after a 1 s pulse is applied to change the states. The pulse amplitudes are as labeled.
Diﬀerent pulse amplitudes can switch the conductance into diﬀerent states, and after a pulse with an amplitude equal to the initial one, the
conductance switched back to the state similar to the initial one. (d) Retention of the high resistance state (HRS) and low resistance state (LRS)
currents at Vpost = 100 mV and Vpre = 0 V in an 8 h period. (e) Schematic showing the electrical implementation for the STDP measurement. The
organic neuromorphic device is connected between a presynaptic spike generator and a postsynaptic spike generator. (f) STDP behavior of the
device stimulated with a pair of spikes with diﬀerent values of Δt.

between the channel and electrolyte forbids electronic charge
transport, keeping the electrode conductance state in a
nonvolatile way.
Using the screen printing process, we fabricated a sheet
comprising a ﬂexible array of 45 three-terminal neuromorphic
devices (Figure 1d), with a channel width of 100 μm and a
channel length ranging from 200 μm to 3 mm. In a magniﬁed
optical image of one device in the array with and without the
PDADMAC layer (Figure 1e,f), all components are fully
patterned and well aligned. Owing to the intrinsic ﬂexibility of
organic materials, the all-solid-state neuromorphic devices are
fully compatible with ﬂexible substrates (Figure 1g), opening
up opportunities to work as memory and analog information
processor for wearable electronics.
The long-term potentiation/depression (LTD/LTP) has
been considered as one of the most important forms of
plasticity that is closely related to the synaptic activity and
signal transmission between two neurons.36 To mimic
excitatory and inhibitory synapses in organisms, the LTD/
LTP behaviors of our organic neuromorphic devices are
experimentally analyzed. Figure 2a shows the result for a

ization or delocalization of electrons along the polymer
backbone (Figure S2, Supporting Information), and the
conductivity is considered as a postsynaptic weight of the
connection between two neuros, a key feature of a synapse.
The device was laterally gated with a solid cationic
polyelectrolyte layer, PDADMAC. Further details of the device
fabrication are provided in the Experimental Section.
The programming (read and write) of the neuromorphic
devices is similar to charging and discharging a battery. During
a read operation, the external switch is open and there is no
electric signal ﬂow, and therefore the proton concentration
remains unaltered in each layer, as exhibited in Figure 1b. To
achieve write operation, the switch is closed and a signal from
the gate electrode is regarded as the presynaptic stimulus, as
exhibited in Figure 1c. When applying a positive presynaptic
pulse Vpre, cations are injected into the postsynaptic electrode
through the presynaptic electrode and the electrolyte. Thus,
the organic device is switched to a low-conductance stage since
the number of holes is reduced in the postsynaptic electrode
due to the protonation of the PEDOT ﬁlm. After this write
step, the device is disconnected, and the energy barrier
16751
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Figure 3. Paired-pulse facilitation. (a) Schematic showing the electrical setup for PPF measurement. Two presynaptic spike generators are probed
on the presynaptic electrode. The inset shows the recorded waveform of pulses applied to the devices. The pulse amplitude is 50 mV, the pulse
width is 25 ms, and the spiking timing Δt is ranging from 1 to 500 ms. (b) Postsynaptic current with diﬀerent spike timings. (c) Postsynaptic
weight changes triggered by a paired-pulse with a time interval of 25 ms. G1 and G2 represent the conductance change of the ﬁrst pulse and the
second pulse, respectively. ΔG equals the diﬀerence between G2 and G1. (d) Paired-pulse facilitation with diﬀerent time intervals. An exponential ﬁt
is applied to obtain two characteristic time scales. (e) Switching energy measured as a function of device area. The slope of the linear ﬁt is 20.5 nJ/
mm2.

neuromorphic device (channel length = 250 μm, channel
width = 100 μm) measured with a series of 100 identical
positive pulses (10 mV, 1 s), followed by a series of 100
negative voltage pulses (−10 mV, 1 s). As the number of
positive pulses increases, the device becomes more conductive,
representing continuous tunability of 100 distinct conductance
states. The inset images exhibit the discrete conductance states
under LTD/LTP process with a mean step ∼1.1 μS. After
applying 100 negative pulses, the neuromorphic device
restored to its initial low-conductance state. We cycled the
device in the LTD/LTP process more than 10 times using the
above method, as exhibited in Figure 2b. The cycling data
reveal good electrochemical stability, repeatability of the
synaptic characteristics, as well as ﬁne synaptic resolution
(analog programmability). Because of the good ﬂexibility and
uniformity of the materials, the organic neuromorphic devices
exhibit stable and reproducible potentiation−depression cyclic
behavior, regardless of mechanical bending (Figures 2b and S3
in the Supporting Information).
It is worth of noting that the changes in the synaptic weight
are nonvolatile, as shown in Figure 2c, we programmed 10
pulses ranging from 10 to 100 mV, followed with ∼10 s
relaxation time after each pulse. The current curve shows 10
distinct conductance states, and during the read state, after the
pulse is applied, the conductance did not show a signiﬁcant
drop. The study continues with a signal identical to the ﬁrst
pulse. At ∼150 s, the external switch was closed and a −10 mV
pulse was applied simultaneously, protons can migrate between
pre-synapse, electrolyte, and postsynapse freely during the
write operation, and thus the proton concentration can return
to the initial state, which indicates the good stability and
reproducibility of our devices. To further demonstrate the
nonvolatility of our devices, we monitored 8 h retention of
both the low resistance state (LRS) and high resistance state
(HRS) (Figure 2d). Only ∼3 μS (∼1%) change in the synaptic

weight was observed in the retention test, which demonstrates
that our devices have excellent nonvolatile long-term memory.
The synaptic strength in biological systems can be regulated
by the timing and causality of pre- and postsynaptic spikes with
the STDP rules, which is one of the fundamental rules for
emulating synapses. For our devices, the observed STDP
characteristics are similar to those in biological synapses. A pair
of pulses were applied to the presynaptic electrode and
postsynaptic electrode to work as presynaptic and postsynaptic
spikes, respectively. A rectangular wave with 25 ms duration
and 50 mV amplitude was applied to the pre-synapse, and a
triangular wave of period of 200 ms and oscillating between
−25 and 25 mV was applied to postsynapse (ramping from 0 V
to 25 mV in 95 ms, dropping from 25 to −25 mV in the
following 10 ms, and ramping from −25 mV to 0 V in the last
95 ms) (Figure 2e). The two pulses were separated by a time
diﬀerence (spike timing), Δt = tpre − tpost. A summary of the
conductance change (ΔG) of the devices with diﬀerent values
of spike timing (ranging from −100 to 100 ms) is shown in
Figure 2f. When the presynaptic spike triggered before the
postsynaptic peak, the Δt was negative and the resulted spike
was positive, enabling LTP of the synapse. When the
presynaptic spike triggered after the postsynaptic peak, the
Δt was positive and the resulted spike was negative, enabling
LTD of the synapse. In both cases, when the pulses have a high
degree of relevance (absolute value of Δt is small), the synaptic
weight changes dramatically. As the time diﬀerence increases,
the change of synaptic weight gradually decreases. The time
constants extrapolated from the data are ∼18.8 and 15.4 ms,
which are comparable to the response times of biological
synapses.37
Paired-pulse facilitation (PPF) is an important form of shortterm synaptic plasticity, which describes the phenomenon that
the amplitude of a postsynaptic spike evoked by a pulse
increased when that pulse closely follows a prior pulse. We
16752
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Figure 4. Logic circuits based on neuromorphic devices. (a, b) Schematic diagram showing the circuits used for logic gates, AND gate (series
connection) and OR gate (parallel connection), respectively. (c) The change of the AND gate conductance depends on the presynaptic inputs.
When the presynaptic signals only came from synapse 1 or synapse 2, the conductance change did not reach the threshold line. When both
synapses ﬁred, the change of conductance passed the threshold line. (d) For OR gate, even when a single synapse ﬁred, the change of conductance
slightly passed the threshold line.

presynaptic pulse amplitude and duration (Figure S4,
Supporting Information), indicating a good analog programmability of the short-term synaptic plasticity.
The energy consumption for a single operation can be found
by calculating the power dissipation at each time point (dE = V
× I × dt) and taking an integral over the operation time. The
switching energy is proportional to the channel area with a
slope of 20.5 nJ/mm2, as displayed in Figure 3e. The power of
the smallest device was measured to be ∼200 pJ,
demonstrating the extraordinary low switching energy of our
devices. In comparison, the energy consumption of 45 nm
silicon CMOS devices is 931 μJ/mm2 with a supply voltage at
1.1 V. The hardware performance of silicon implementations is
obtained by synthesizing with the 45 nm Nangate Open Cell
Library39 using the Synopsys Design Compiler. The proposed
ﬂexible artiﬁcial synapses are suitable to be operated in
ultralow voltage regimes, indicating that these devices have
great potential for portable and low-power applications.
We can build logic gates by the integration of two or more
neuromorphic devices.40 Figure 4a,b shows the schematic
diagram of two artiﬁcial synapses connected in series and in
parallel, respectively. The spiking signals (Vpre) from two presynapses are applied to the gates of the devices, then the
signals summed in the dendrite of a postsynaptic neuron. As
shown in Figure 4c, with a pulse (50 mV, 25 ms) representing
“1” and no pulse representing “0”, the binary inputs of “00”,
“01”, “10”, and “11” were applied on synapse 1 and synapse 2,
respectively. Only when input signals are 11, the change of
synaptic weight in the series-connected devices is larger than
the threshold value (24%), indicating the “AND” logic. For
parallel-connected devices, as long as one input voltage is 1, the

realized PPF functions in our artiﬁcial synapse using two
sequential presynaptic spikes (50 mV, 25 ms) with a time
interval (Δt ranging from 1 to 500 ms) to emulate signals from
diﬀerent presynaptic neurons, as shown in Figure 3a. It can be
seen clearly from Figure 3b that the amplitude of the second
pulse is larger than that of the ﬁrst one when Δt < 100 ms,
because such short time interval is insuﬃcient for the cations
injected from the ﬁrst pulse to return to the electrolyte layer
before the second pulse arrives. For the time interval larger
than 100 ms, there is enough time for the injected cations
move back to the electrolyte, which means that the paired
pulses have a low degree of relevancy. Therefore, we can
consider the spikes as two independent stimulations to the
device, and no signiﬁcant change in the synaptic strength
occurs.
The PPF eﬀect can be better illustrated by calculating the
diﬀerence between the two conductance peaks generated by
the ﬁrst pulse (G1) and the second pulse (G2). A typical PPF
curve of the organic device is shown in Figure 3c. When the
time interval between the paired pulses is 25 ms, the amplitude
of the second postsynaptic peak was ∼3.2 μS higher than the
amplitude triggered by the ﬁrst spike. The dependence of the
postsynaptic weight enhancement on the pulse interval (Figure
3d) exhibits a similar trend to that observed in biological
systems.36 The two-phase behavior can be ﬁtted well by a
double exponential function: where Δt is the pulse interval
time, C1 and C2 are the initial facilitation magnitudes of the
respective phases, and τ1 and τ2 are the characteristic relaxation
times of the respective phases. In the ﬁtting, τ1 = 10 ms and τ2
= 240 ms, which are comparable to those of a biological
synapse.38 The conductance changes are proportional to the
16753
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Figure 5. Simulation of organic neuromorphic device-based neural networks. (a) Schematic illustration of the implementation learning for pattern
recognition. (b) Schematic illustration of the architectural neural network with fabricated three-terminal devices. (c) Conductance variation (ΔG)
as a function of the conductance states showing the switch statistics of neuromorphic devices during long-term potentiation (red squares) and
depression (blue squares). (d, e) Backpropagation training results using Optical Recognition of Handwritten Digits and MNSIT database
handwritten digits data sets in the format of 8 × 8 pixel digit image (d) and 28 × 28 pixel digit image (e). (f) Backpropagation training results for
face recognition using the AT&T Laboratories Cambridge ORL database of faces.

number of on pixels are counted in each block. A 64 × 50 × 10
network was conﬁgured for evaluation. Both ideal numeric and
experimentally derived results were exhibited in Figure 5d. The
detail of the working principle of image recognition and face
detection is described in the Experimental Section. The ideal
numeric data presented an initial accuracy of 67.1%, which
quickly raised to 87.0% at the third training epoch and
stabilized at ∼90% from the 5th to the 40th epoch. With the
similar trend, the experimentally derived curve presented an
initial accuracy of 51.7%, and the accuracy was stabilized ∼88%
after 40 epochs. On the other hand, MNSIT dataset consists of
60 000 training data and 10 000 testing data, and each entry is
a 28 × 28 grayscale image. A deep neural network with 784 ×
300 × 10 conﬁguration was used to evaluate the network
performance. Backpropagation and gradient descent optimizer
were utilized during evaluation. As exhibited in Figure 5e, an
accuracy of ∼95 and ∼90% was obtained for the ideal numeric
and experimentally derived data after 40 training epochs.
Owing to the exceptional linearity and low noise of our
neuromorphic devices, the experimentally derived data is very
close to the accuracy limitation presented by the simulated
ideal data.
In addition, another dataset we used is the AT&T
Laboratories Cambridge ORL database of faces,43 which
provides typical experimental setups for face recognition.44
The ORL database is comprised of 400 grayscale face images
of size 92 × 112 pixels from 40 persons of diﬀerent gender,
ethnic background, and age. For some subjects, the images
were taken at diﬀerent times, varying the lighting, facial
expressions (open/closed eyes, smiling/not smiling), and facial
details (glasses/no glasses). We ﬁrst scaled the original image
from 92 × 112 to 23 × 28 to signiﬁcantly reduce the number of
devices required in the ﬁrst layer. The hidden layer contained
200 neurons, and the output layer had 40 neurons. The face
recognition result based on the ORL database is exhibited in
Figure 5f, and the experimentally derived data is almost

signal amplitude is larger than the threshold, indicating the
“OR” logic (Figure 4d). The realized AND and OR logic gates
can have important implications in capturing the computing
power of the neural system where the nonlinear and analog
mechanisms are predominant.
Furthermore, to fully illustrate the capability of the low noise
and linearly programmable conductance states of our neuromorphic devices, we simulated a neural network based upon its
experimentally measured properties, as illustrated in Figure 5a:
pixel signals of the training image were employed as the input
for the simulation. The architecture of the neural network was
described schematically in Figure 5b: the devices in a row are
arranged by connecting the transistor source to the same input
line and connecting the transistor gate to the same gate line,
whereas the devices in a column are arranged by connecting
the drain to the same output line. The range of numerical
weight values was linearly scaled to the range of conductance
states of devices. To accurately account for the eﬀects of device
variations, we extracted experimental device conductance states
from 10 linear potentiation and depotentiation cycles through
the complete dynamic range based on more than 2000
experimentally measured states (Figure 2b). The statistics of
device variations were concluded in Figure 5c. The measured
nonlinearity and write noise from Figure 5c were fed into the
software simulator such that the application evaluation
considers device-induced numerical weight variations.
Using the designs presented so far, we performed a holistic
evaluation of neural networks based on our neuromorphic
devices on three popular data sets for image recognition and
face detection. First, two databases of handwritten digits
(Optical Recognition of Handwritten Digits41 and MNIST42)
were evaluated. The Optical Recognition of Handwritten
Digits database contains normalized bitmaps of handwritten
digits from a total of 43 people, where 30 contributed to the
training set and diﬀerent 13 to the test set. Bitmaps (32 × 32)
are divided into nonoverlapping blocks of 4 × 4, and the
16754
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desktop screen printer (DP-320, Itochu). A layer of diluted silver ink
was printed on the transparent PET at a clearance of 2 mm to work as
metal contacts. The sample was then baked at 120 °C for 10 min. To
enable following aqueous ink printing, the PET substrate and silver
ink ﬁlm were treated with oxygen plasma (100 W, 150 mTorr) for 30
s to became more hydrophilic, and it was veriﬁed with contact angle
measurement (Figure S2). Then, a single layer of the PEDOT:PSS
paste was screen printed over the silver contact metal at a clearance of
2.75 mm. The sample was then baked at 60 °C for 10 min to remove
the excessive solvent. Subsequently, a double layer of the PDADMAC
electrolyte was printed on top of the PEDOT:PSS and silver contact
using a clearance of 2.75 mm and baked at 60 °C for 10 min.
Logic Gate Characterization. Two artiﬁcial synapses have been
connected in series (AND gate) or in parallel (OR gate) (Figure
4a,b). Without any presynaptic voltage, the devices are at low
presynaptic conductance, a logic state of 0; with presynaptic pulses
(50 mV, 25 ms), the devices are switched to more conductive states,
work as logic state of 1. The postsynaptic voltage was kept at 100 mV
to monitor the change of conductance. The threshold line of the
synaptic weight change is set at 23%, plotted as the dashed line in
both Figure 4c,d.
Image/Face Recognition Simulations. To evaluate the
performance of our neuromorphic devices on practical large-scale
neural networks, a software simulator was developed in Python with
Numpy and TensorFlow.1 The device model was built using the
following method. We denoted the j-th neuron in the i-th layer as Xi,j,
and its output is Xi,j. For each neural network of interest, the
numerical weights were mapped directly onto the experimental device
conductance states of the neuromorphic devices. More speciﬁcally
speaking, for the b-th neuron Xi,b in the i-th layer of the neural
network, each input weight wi−1
a,b between this neuron Xi,b and the
connected neuron Xi−1,a in the previous layer was implemented with
i−1
was mapped onto the
one device. Each weight value wa,b
corresponding conductance state of the device. As a result, the
multiplication xi−1,a × wi−1
a,b was realized by applying voltage on the
input of the device to generate a current value, and the addition of all
of the products in neuron Xi,b (i.e., xi,b = ∑∀jxi−1,j × wi−1
j,b ) was
conducted by gathering all the current values. The range of numerical
weight values was linearly scaled to the range of conductance states of
device. To perform neural network simulation, each weight value w
was ﬁrst mapped to the closest conductance state G0. Then, the noise
was sampled from the probability distribution in Figure 5c and added
to calculate the actual conductance G0′. For each neural network in
our experiments, we generated 10 networks with the noise introduced
in each device and reported the averaged accuracy performance as the
experimentally derived data. The details of data sets are summarized
in Table S1 in the Supporting Information.
Electrical Characterization. Electrical characterization was
performed using a semiconductor analyzer system (Agilent B1500
multi-channel measurement setup), supplemented by two Agilent
33500B waveform generators and an Agilent DSO1022A oscilloscope.
All measurements were performed in an atmospheric environment at
room temperature. During the electrical measurements, the pulses
were applied to the Ag presynaptic contact with the postsynaptic
channel monitored under 100 mV bias.

identical to the simulated ideal data, the accuracy quickly
raised to ∼80% within three training epochs and stabilized
∼85% after that, indicating that our architectural network is a
feasible and favorable route to the practical pattern recognition
applications.
In addition to building a simulated neural network for
pattern recognition and face recognition, a dynamic process of
the image was realized on a 3 × 3 postsynaptic array with local
presynaptic inputs (Figure S5 in the Supporting Information).
As shown in Figure S5a, we ﬁrst built a baseline with
presynaptic voltage (Vpre) = 0 V and postsynaptic voltage
(Vpost) = 100 mV, and the postsynaptic weight was ∼190 μS.
When a presynaptic signal with 100 mV amplitude and 1 s
duration arrived the corresponding presynaptic electrode, the
postsynapse was switched to a higher conductance state (∼230
μS). After opening the external switch, the synaptic weight got
maintained in the postsynapse. Based on this result, we further
addressed the pixels individually and have successfully enabled
the image processing with the capital letters “U”, “S”, and “C”,
as exhibited in Figure S5b. The image of a letter was divided
into 9 pixels, and the information of each pixel was represented
by the conductance of the corresponding device. Notably, the
memory eﬀect of these printed devices was nonvolatile, and the
information can be retained for a long time (longer than 24 h)
after removing the applied voltage (Figure S5c). The results
that our postsynaptic array can successfully simulate the
uppercase letter U, S, and C, indicate that the fully printed allsolid-state artiﬁcial synapse array can be used for a relatively
complex neuromorphic application.

■

CONCLUSIONS
In conclusion, we demonstrate fully screen-printed, ﬂexible, allsolid, three-terminal organic neuromorphic devices, which can
act as nonvolatile memory units and neuromorphic computing.
The fabricated devices can behave like biological synapses and
exhibit the characteristics of LTP/LTD, the STDP learning
rule, PPF, and ultralow energy consumption. The demonstrated 100 almost linear and stable conductance states suit
well with the analog world, with no need of power- and timeineﬃcient analog-to digital converters. The all-solid-state
devices pave the way to low-cost fabrication of ﬂexible
neuromorphic device arrays, which enables correlated learning,
multistage trainable memory, and integration of three-dimensional neural network. The results here provide an encouraging
pathway toward biological synaptic emulation using printed
organic devices for neuromorphic computing in an application
such as wearable sensors.45

■

EXPERIMENTAL SECTION

Materials. Silver conductive ink (AG-959) was obtained from
Conductive Compounds, Inc. It was diluted with diethylene glycol
ethyl ether acetate (Solvent 20) before printing. The PEDOT:PSS
conductive ink (Clevios S V3.1) was stirred for at least 30 min to
make it homogeneous. The electrolyte ink was prepared with
poly(diallyldimethylammonium chloride) (weight-average molecular
weight (Mw) < 100 000, Sigma-Aldrich), TiO2 powder (Kronos
2300), and poly(ethylene glycol-ran-propylene glycol) (Mw ∼ 12 000,
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