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mixed ionic–electronic conductor†
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Short-term plasticity (STP) is a phenomenon in the biological brain where the synaptic weight changes

depending solely on the presynaptic activity in the biological brain. STP is an essential brain function for

processing of short-term temporal information. Implementation of STP as an electronic device requires

mimicking the dynamic behavior of calcium-induced neurotransmitters at presynaptic terminals. This

study provides an organic mixed ionic–electronic conductor (OMIEC) memristor based on

Ru(bpy)3(PF6)2 as an organic active layer to mimic the STP of a biological synapse. The behavior of the

neurotransmitters was emulated through the drift and diffusion of mobile ions in the OMIEC active layer.

The ion conductivity of the OMIEC memristor was tuned by adding the LiClO4 salt, which affects the

short-term memory behavior. Specifically, our OMIEC memristor exhibited a timescale of paired-pulse

facilitation decay similar to that of biological synapses with the addition of 2 wt% salt. Furthermore, the

device containing 2 wt% LiClO4 showed similar recovery timescales to a biological synapse when 4 + 1

spikes were applied for emulating the short-term synaptic plasticity. Lastly, our OMIEC memristors were

employed as the STP component of a SPICE simulation to modulate the spike-timing-dependent

synaptic plasticity learning rule by combining with a non-volatile memristor.

1. Introduction

With the growth of big data technologies in recent years, conven-
tional computing systems encounter the fundamental limitations of
von Neumann architecture such as energy and speed penalties
originating from the data movement between the processing unit
and memory.1–4 Alternatively, more efficient computing frameworks
are found in biological brain systems performing analog computa-
tions through massively parallel networks of neurons and synapses.
Inspired by the computing in the brain, which stores the synaptic
weight and simultaneously regulates signal transmission, the idea
of neuromorphic computing was introduced in 1990 by Carver
Mead and has been researched for decades.5,6

On one hand, complementary metal-oxide-semiconductor
(CMOS) based neuromorphic devices have been developed to

emulate event-driven and large-scale spiking neural networks
with highly efficient computing architectures.7,8 Such architec-
tures have been applied in neuromorphic hardware designs like
Neurogrid, BrainScaleS, TrueNorth, SpiNNaker, and Loihi.9–13

Despite this remarkable progress, there are crucial challenges
for CMOS-based neuromorphic devices in terms of scalability
and power consumption as an ideal neuromorphic system.14,15

On the other hand, a new class of emerging neuromorphic
devices, namely a memristor or resistive random access mem-
ory (ReRAM), has been vigorously investigated. Memristors
encode information in their resistance states according to the
history of applied stimulations through the physical mecha-
nism of ion or oxygen vacancy drift.16–18 Therefore, long-term
plasticity (LTP) and short-term plasticity (STP), which are the
fundamental properties of biological synapses, can be imple-
mented using memristive devices. In a biological system, LTP is
regarded as a primary cellular substrate for learning and
memory owing to its non-volatile characteristics, while STP is
generally considered to perform a crucial computational role
because its memory lasts only seconds to minutes.6 The devel-
opment of memristive devices has primarily focused on emu-
lating the LTP through the formation of conducting filaments
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composed of metal ions or oxygen vacancies. Many research
groups implemented LTP by using memristors such as Ag/Si,
SiNx/a-Si, TiN/TaOx, TiOx/Al2O3, and HfOx/AlOx based
devices.19–23 However, a relatively small number of STP-based
memristors have been developed, although their volatile char-
acteristics can be used in spatio-temporal or reservoir comput-
ing in recurrent neural networks.24,25 STP memristors are also
potentially applicable to a synaptic memory, which comprises
both long-term and short-term partitions, to improve the
learning efficiency.26 Wang et al. demonstrated short-term
memory (STM) properties using a SiOxNy/Ag diffusive
memristor, but the device showed a too short relaxation time
than biological synapses.27 The STP behavior can also be
found in a GeSe/Ag based memristor. However, their uncontrol-
lable weak filament possibly makes incoherent experimental
data.28

In this study, we mimic for the first time the STP properties
of biological synapses using an organic mixed ionic–electronic
conductor (OMIEC) memristor. OMIECs have been used in
various applications such as batteries, light-emitting devices,
transistors, sensors, and neuromorphic devices.29–33 Interest-
ingly, several research groups have reported the LTP behavior of
OMIEC-based memristors, but the STP behavior has not been
demonstrated yet although some OMIEC materials can be
employed as STP-based memristors due to their operational
mechanisms similar to biological synapses.34,35 In this study, a
ruthenium complex, Ru(bpy)3(PF6)2, with varying salt concen-
trations was used as an active layer of OMIEC memristors. This
ruthenium complex has been widely studied and used in light-
emitting devices.36–41 Our OMIEC memristor showed tunable
memristive performance by easily changing the concentration
of LiClO4. Also, the optimized OMIEC memristor indicated the
timescales of paired-pulse facilitation decay and recovery simi-
lar to a biological synapse. These advantages make our OMIEC
memristor a good candidate for the STP-based neuromorphic
device. The ion conductivities of our OMIEC memristors were
extracted from electrochemical impedance spectroscopy mea-
surements and found to be closely correlated with the salt
concentration. The current–voltage characteristics, turn-on
time, relaxation time, and PPF indices of OMIEC memristors
are described as well to explain the correlation with biological
synaptic properties. Additionally, short-term synaptic plasticity
is emulated by applying 4 + 1 spikes and measuring current to
confirm the STP characteristics of our memristive devices.
Finally, the OMIEC memristors were used as the STP
component of a SPICE simulation to modulate the spike-
timing-dependent synaptic plasticity (STDP) learning rule by
combining with a long-term memory memristive device.

2. Experimental section
2.1. Preparation of the active layer solution

Tris(2,20-bipyridine)ruthenium(II)hexafluorophosphate
(Ru(bpy)3(PF6)2), lithium perchlorate (LiClO4), and acetonitrile
were purchased from Sigma-Aldrich and used as received.

Active layers consisted of Ru(bpy)3(PF6)2 with various concen-
trations of the LiClO4 salt additive. Ru(bpy)3(PF6)2 and LiClO4

solutions were separately prepared at the same concentration
of 40 mg mL�1 in acetonitrile and mixed at a ratio by weight
noted37. The mixed solution was kept under stirring overnight
at room temperature and then filtered through a 0.2 mm PTFE
membrane filter.

2.2. Device fabrication process

The overall OMIEC memristive device composition is as fol-
lows: ITO/PEDOT:PSS/active layer/Pd/Al. Indium tin oxide (ITO;
150 nm thick) coated glass substrates were cleaned with
deionized water, acetone, and isopropyl alcohol. Then, the
substrates were treated with oxygen plasma cleaning for 15
min. Poly(3,4-ethylenedioxythiophene):poly(styrenesulfonate)
(PEDOT:PSS; Clevios PH 1000) filtered through a 0.45 mm nylon
filter was spin-coated onto the ITO substrates at 3000 rpm for
30 s, followed by thermal annealing on a hot plate at 120 1C for
15 min, yielding a 50 nm thick film. The active layer solutions
were then spin-coated onto the PEDOT:PSS layers at 1500 rpm
for 30 s. After the spin coating process of the active layer, the
obtained films were annealed at 120 1C for 2 h under a nitrogen
atmosphere. The Ru(bpy)3(PF6)2 films with or without LiClO4

were generally 100 nm thick. Finally, the devices were com-
pleted with the deposition of 5 nm thick Pd and 200 nm thick Al
films through electron beam evaporation. All the spin-coating
processes were carried out in ambient atmosphere, and the rest
of the processes were performed in a nitrogen atmosphere. The
device size was 0.007 cm2 in the shape of a circle.

2.3. Characterization

The ionic conductivities of the devices were measured by
electrochemical impedance spectroscopy using a Solartron SI-
1260 gain/phase analyzer. The impedance of the devices were
measured with an alternating voltage (100 mV amplitude) in
the frequency range from 1 Hz to 106 Hz. Impedance spectra
were then fitted using MATLAB (R2021a). The other electrical
characterization studies were conducted using a Keithley 4200
semiconductor parameter analyzer connected with a probe
station under a nitrogen atmosphere.

2.4. STDP SPICE simulation

LTspice (17.0.22.0) was used to simulate the STDP learning rule
by employing an OMIEC memristor as a STM fitted with a
volatile memory model (VM model) and an electrochemical
metallization (ECM) device as a long-term memory (LTM) fitted
with a Yakopcic model.20,42–44 These two devices are connected
in a series circuit to conduct a SPICE simulation for STDP
curves by applying two consecutive pulses. Each pulse is
composed of a short-duration pulse with a high amplitude
(500 ms with 14 V for a presynaptic spike or 500 ms with 18 V for
a postsynaptic spike) and a long-duration pulse with a low
amplitude (200 ms and 6 V).
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3. Results and discussion
3.1. Analogy between the OMIEC memristor and biological
synapses

Fig. 1 shows similar operational mechanisms between a biolo-
gical synapse and a ruthenium complex-based OMIEC memris-
tive device. In a biological system, neurotransmitters were
initially stored in synaptic vesicles as shown in Fig. 1a, which
corresponds to the primary state of the OMIEC memristor as
shown in Fig. 1d. The activation of the presynaptic neuron, i.e.,
a spike arrival in the biological presynaptic terminal, causes
voltage-gated calcium channels to open. Then the internal
calcium ion concentration increases, which makes the neuro-
transmitters to be released into the synaptic cleft and pile up on
the AMPA receptors located in the postsynaptic membrane as
shown in Fig. 1b.45 Similarly, applying an external voltage to the
OMIEC memristor makes cations and anions migrate to the
respective interfaces between the active layer and electrodes as
shown in Fig. 1e. In turn, the accumulation of ions leads to the
formation of electrical double layers (EDLs) at the electrode
interfaces, which results in a strong bending of the energy level
due to the high charge concentrations at the interfaces.46

Fig. 1c illustrates that the neurotransmitters in the biological
system trigger the opening of the AMPA ion channels, and thus
particular positive ions can travel into the postsynaptic term-
inal to deliver a spike signal.47 Likewise, applying a sufficiently
high voltage to the OMIEC memristive device can lead to the
accumulation of more ions on the electrode surfaces, which
leads to a sharper and narrower electric field at the interfaces.
Subsequently, the injection of electrons and holes is induced
and electrochemically doped zones are formed, causing the
current flow in the device through charge recombination in the
intrinsic region as shown in Fig. 1f.48 Therefore, the accumula-
tion of ions plays a critical role in the OMIEC memristor, which
demonstrates a similar operational mechanism with biological
synapses for transmitting a signal by piling up neurotransmit-
ters on receptors. For tuning the various short-term memory
(STM) properties of OMIEC memristors, the ion conductivity in
the device was optimized by adding salts. The ion conductivity
in a wide range of salt concentrations was experimentally

extracted and is shown in Fig. S2 (ESI†). Three devices with
various concentrations of the additive were designed, i.e. the
pristine Ru(bpy)3(PF6)2 device (Device-P), Ru(bpy)3(PF6)2 with
1 wt% LiClO4 device (Device-1S), and Ru(bpy)3(PF6)2 with 2 wt%
LiClO4 device (Device-2S). The schematic structure of our
OMIEC memristive device is shown in Fig. S1 (ESI†).

3.2. Effect of salt concentration on the ion conductivity

Electrochemical impedance spectroscopy (EIS) was performed to
understand how the concentration of the LiClO4 salt affects the
trend of ion conductivity in the active layer of the OMIEC memris-
tor. The frequency-dependent impedance and phase spectra of
OMIEC memristors are illustrated in Fig. 2. The impedance plateaus
in the low-frequency range shown in Fig. 2a indicate a strong
correlation with the fraction of the lithium salt additive. Namely,
a decreased impedance plateau was observed with an increase in
the concentration of LiClO4 from 0 to 2 wt%. The ion conductivity of
Device-P depends only on the anions (PF6

� ions) because of the
negligible Ru(bpy)3

2+ cation mobility due to their size differences.
The low cation conductivity can be compensated by adding Li+ ions
that are smaller in size and thus have a higher mobility than the
Ru(bpy)3

2+ ions. Consequently, the device with a higher concen-
tration of the LiClO4 salt showed a decreased impedance plateau as
shown in Fig. 2a. A similar trend can be found in previously
reported literature36,49,50.

For additional analysis of the EIS data, an equivalent circuit was
employed as shown in Fig. 2c and described in more detail in the
ESI.† The spectral data in Fig. 2a and b were fitted to extract typical
device parameters from the equivalent circuit (provided in Table S1,
ESI†). The decreased bulk ionic resistance (RION) was observed in
the device with a higher Li+ concentration, which corroborates the
trend of the impedance plateau. The estimated ion conductivities
s in the active layer from the measured resistances are 2.79 �
10�11 S cm�1 for Device-P, 7.72 � 10�11 S cm�1 for Device-1S, and
1.9 � 10�10 S cm�1 for Device-2S (Table 1).

3.3. Pinched memristor hysteresis behavior

One of the distinctive signatures of the memristor is a hyster-
esis loop pinched at the I–V origin51. Fig. 3a demonstrates a

Fig. 1 Schematic illustration of the mechanisms of a biological synapse (a–c) and an OMIEC memristor (d–f).
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typical hysteresis loop with the ion distributions of our OMIEC
memristive device when the voltage is swept. When a negative
voltage is applied to the initial state (step 1) of the device, the ions
build up on the electrode surfaces, and then the recombination
current starts to flow as shown in step 2. However, it is challenging
for electrons and holes to be injected into the active layer owing to
the relatively small amount of accumulated ions in step 2. On the
other hand, step 3 shows more accumulated ions on the electrode
surfaces than step 2, which leads to a sharp increase in the electric
field near the interfaces, promoting the injection of electrons and
holes. Therefore, the value of recombination current in step 3 is
much higher than that in step 2 despite their same applied voltage.
It is worth noting that our OMIEC memristive device remembers its
most recent resistance through the number of accumulated ions.
Also, it can be observed that the accumulated ions on the electrode
surfaces diffuse back to their stable state very fast, which is a
characteristic of STM. Steps 4 and 5 indicate the same phenomenon
as steps 2 and 3 when a positive voltage is applied to the OMIEC
memristor.

Fig. 3b–d shows the hysteresis curves pinched at the origin
in the current–voltage (I–V) sweep graphs. The I–V curves of our
OMIEC memristors were obtained by sequential direct voltage
sweep from 0 V to +4 V and from 0 V to �4 V at a scan rate of
0.1 V s�1. As shown in Fig. 3b–d, a broad shape of hysteresis
was obtained for Device-P, while the hysteresis shape is nar-
rower for Device-1S and the narrowest for Device-2S. The device
with a higher concentration of additive acquired a narrower
shape of the hysteresis because it shows faster ion accumula-
tion and diffusion in the active layer. Fig. S3 (ESI†), which
shows the I–V curves in the semi-log scales of devices, demon-
strates that the turn-on voltages of the devices are between 2
and 3 V for all three memristive devices.

3.4. Turn-on time and relaxation time

The turn-on time of the OMIEC memristor is the time it takes
for ions to accumulate on electrode surfaces and corresponds
to the required time for released neurotransmitters to bind
with AMPA receptors in the biological synapse. Previous

Fig. 2 EIS curves of Ru(bpy)3(PF6)2 memristor devices with different concentrations of LiClO4. (a) Impedance versus frequency data and (b) phase versus
frequency data for Device-P (black squares), Device-1S (red circles), and Device-2S (blue triangles). (c) An equivalent circuit employed for EIS fitting of the
OMIEC memristor devices.

Table 1 Device parameters for three OMIEC memristors with varying salt concentrations (Device-P, Device-1S, and Device-2S)

Device Active layer
Ion conductivity,
s (�10�11 S cm�1)

Turn-on time,
ton (s)

Relaxation time,
tre (s)

PPF index
(%)

PPF relaxation time
4 + 1 PPF index
(%)t1 (ms) t2 (s)

Device-P Ru(bpy)3(PF6)2 2.79 3.8 3.5 24.2 112 3.28 1.9
Device-1S Ru(bpy)3(PF6)2 + 1 wt% of LiClO4 7.72 1.7 1.7 44.4 96 2.14 1.4
Device-2S Ru(bpy)3(PF6)2 + 2 wt% of LiClO4 19.0 0.64 0.81 84.1 75 1.07 2.3
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literature demonstrated that the turn-on time of OMIEC devices
is related to the average consumption time for crossing half of
the two electrodes48,50,52,53. As the variation of the device
thickness was minimized during the fabrication process, it is
believed that the ion conductivity is a dominant factor to
characterize the turn-on time of our OMIEC memristors.
Fig. 4a shows the time-dependent current spectra for measur-
ing the turn-on time of our OMIEC devices by applying a
constant voltage of 3.5 V on unbiased devices. All three curves,
which demonstrate increasing currents from low to saturated
values, were fitted to an exponential equation:

Y ¼ AO exp
�t
ton

� �
þ YO (1)

where A0 and Y0 are constants and ton is the turn-on time
denoted with green fitting curves in Fig. 4a. The values of the
turn-on time are 3.8 s for Device-P, 1.7 s for Device-1S, and
640 ms for Device-2S (Table 1). These data indicate that the
device with a higher concentration of the LiClO4 salt has a
shorter turn-on time due to its higher ion conductivity. The
values of the turn-on time by varying the applied voltage were
also measured and are illustrated in Fig. S4 (ESI†). This
demonstrates that the turn-on time decreases with increasing
biased voltage for all the devices.

On the other hand, the relaxation time is defined as the time
it takes for ions accumulated on the electrode surfaces to

diffuse back to a stable state54. The relaxation time of the
OMIEC memristor can be assumed to be correlated with the
duration time of neurotransmitters to be bound with receptors.
Fig. 4b shows the time-dependent current spectra to measure
the relaxation time of OMIEC devices by applying a read voltage
of 1.5 V on the devices turned on in a prior step. Since the
biased voltage dropped from 3.5 V to 1.5 V, the current level was
also decreased and saturated. The curves were fitted to an
exponential equation:

Y ¼ AO exp
�t
tre

� �
þ YO; (2)

where A0 and Y0 are constants and tre is the relaxation time
denoted with green fitting curves in Fig. 4b. The values of the
relaxation time are 3.5 s for Device-P, 1.7 s for Device-1S, and
810 ms for Device-2S (Table 1). These data indicate that a
higher ion conductivity causes a faster relaxation time. For
statistical analysis, turn-on and relaxation time measurements
were conducted on 10 pristine devices each and their stabilized
current values were measured, presented with their average and
standard deviation in Tables S2–S5 (ESI†).

3.5. Paired-pulse facilitation

Fig. 5a illustrates the paired-pulse facilitation (PPF) in a biolo-
gical synapse. PPF is a phenomenon of the synaptic enhance-
ment to the second pulse when two presynaptic spikes closely

Fig. 3 (a) A representative current versus voltage curve and the ion distributions of the OMIEC memristor describing each sequential step. The numbers
on the curve indicate the initial state at 0 V for step 1 (A), negatively biased states at�3.5 V for step 2 (B) and step 3 (C), and positively biased states at 3.5 V
for step 4 (D) and step 5 (E). Current–voltage curves of (b) Device-P, (c) Device-1S, and (d) Device-2S. The voltage was swept following the sequence
0 V - �4 V - 0 V - +4 V - 0 V with a scan rate of 0.1 V s�1.
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follow.55–58 For emulating the presynaptic spikes, two 3.5 V
pulses (100 ms in duration and 50 ms in interval time) were
applied to the OMIEC memristors as shown in Fig. 5b. For all
three memristive devices, the current level of the second spike
(I2) is larger than that of the first one (I1), where I1 and I2 are the
average values of the measured current data in the range of the
duration time. Since the duration time of each spike and
the interval time between two pulses are shorter than the
turn-on time and relaxation time of the devices, respectively,
the conductance was enhanced as shown in Fig. 5b.

The PPF index, i.e. (I2 � I1)/I1 � 100%, is largely affected by
the concentration of the LiClO4 additive. Its values are 24.2%,
44.4%, and 84.1% for Device-P, Device-1S, and Device-2S,
respectively, which are summarized in Table 1. These different
values of the PPF index can be explained by ion conductivity.
Device-2S shows a larger PPF index because the current level
increased more than that in the case of Device-P or Device-1S
during the same 100 ms, which contributed to its high ion
conductivity. Fig. 5c–e presents the PPF data and their statis-
tical distribution as a function of the interval time. Here, the

Fig. 5 (a) Schematic illustration of the PPF phenomenon in a biological synapse between a presynaptic neuron and a postsynaptic neuron. (b) Two 3.5 V
applied pulses (100 ms in duration and 50 ms in interval time) and the consequent current are depicted for Device-P (black squares), Device-1S (red
circles), and Device-2S (blue triangles). PPF data and their statistical distribution as a function of the pulse interval with a fixed pulse magnitude and
duration at 3.5 V and 100 ms, respectively, for (c) Device-P (black squares), (d) Device-1S (red circles), and (e) Device-2S (blue triangles). The measured
PPF data were fitted with eqn (3) and are indicated with green curves. The acquired parameters by fitting are demonstrated in the inset of each graph.

Fig. 4 Time-dependent current spectra for (a) turn-on time and (b) relaxation time of Device-P (black squares), Device-1S (red circles), and Device-2S
(blue triangles) as indicated. The acquired turn-on time and relaxation time data were fitted to eqn (1) and (2), respectively, indicated with solid green lines.
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pulse magnitude and duration were fixed at 3.5 V and 100 ms,
respectively, and the pulse interval was increased from 50 ms to
20 s. The relationship between the PPF and interval time was
fitted by the equation:

PPF %ð Þ ¼ C1 exp
�t
t1

� �
þ C2 exp

�t
t2

� �
þ CO; (3)

where C0, C1, and C2 are constants and t1 and t2 are the PPF
relaxation times denoted with the green fitting curves in
Fig. 5c–e. In our fitting results, the values of t1 = 112 ms and
t2 = 3.28 s for Device-P, t1 = 96 ms and t2 = 2.14 s for Device-1S,
and t1 = 75 ms and t2 = 1.07 s for Device-2S were calculated
(Table 1). In the biological synapse, the timescales of two
phases (t1 and t2) are tens of milliseconds and hundreds of
milliseconds59. Therefore, the fitting results of Device-2S
showed a closer PPF relaxation time to biological synapses
compared with Device-P or Device-1S.

Fig. S5 (ESI†) indicates the PPF as a function of pulse
magnitude (ranging from 3 to 4.5 V) with a fixed 50 ms interval
time and a 100 ms pulse duration time. Also, the pulse duration
time (ranging from 50 to 300 ms) dependent PPF data are
shown in Fig. S6 with a fixed 50 ms interval time and a 3.5 V
pulse magnitude. These data demonstrated that the average
PPF increases with increasing pulse magnitude or pulse
duration.

3.6. Short-term synaptic plasticity

The dynamic change of a synapse, which decays back to its
normal state within hundreds of milliseconds to a few seconds,
is termed short-term synaptic plasticity (STP) in biological
synapses45. The STP in biology can be measured by activating
4 presynaptic spikes sequentially and a fifth spike after a few
seconds, observing the recovery of the conductance level. To
emulate the STP properties, the current changes of our OMIEC
memristors were measured while applying 4 + 1 spikes, as
depicted in Fig. 6. During the 4 presynaptic spikes (3.5 V of
pulse magnitude, 100 ms in duration, and 50 ms in interval
time), the current was enhanced following the PPF index, which
means that the current level of Device-2S increased more than
that of Device-P or Device-1S. After the fourth spike, the current
decay rate of each device was affected by its relaxation time
constant, i.e. the pristine device takes a longer time to recover
its initial state than the device with a higher concentration of
the additive salt. The recovery timescale of Device-2S is similar
to that of a biological synapse. The PPF indices between the
first and fifth spikes, i.e. (I5 � I1)/I1 � 100%, are 1.9% for
Device-P, 1.4% for Device-1S, and 2.3% for Device-2S, which
indicate that the current levels of the devices recovered after
enough decay time (Table 1). Therefore, our OMIEC devices can
be described as memristors that have STM properties.

Fig. 6 Emulating the short-term synaptic plasticity. The current change was measured while applying 4 + 1 presynaptic spikes on (a) Device-P,
(b) Device-1S, and (c) Device-2S.
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3.7. Modulation of STDP learning curves

Fig. 7a shows a series circuit to conduct a simulation for
implementing the STDP learning rule27. In this SPICE simula-
tion, our OMIEC devices were employed as STM synaptic
devices because they can emulate the neurotransmitter
dynamics in the presynaptic terminal of a biological synapse,
which causes the OMIEC memristor to modulate the STDP of
the LTM synaptic device. Fig. 7b illustrates two consecutive
pulses applied to the series circuit. The first and second pulses
are a presynaptic spike and a postsynaptic spike, respectively,
and they are separated by the time difference (Dt).27 Each spike
consists of a short pulse that can control the resistance of the
LTM and a long pulse that turns on the STM. Fig. 7c shows the
normalized weight change versus time difference curves, and
they are fitted by an STDP equation:60

Dw ¼
Aþ exp

Dtpre-post
tþ

� �
; Dtpre-post o 0

A� exp
Dtpost-pre
�t�

� �
; Dtpre-post 4 0

8>><
>>:

; (4)

where Dw is a weight change, A+ and A� are the fitting para-
meters, and Dtpre-post and Dtpost-pre are the time intervals
between the presynaptic and postsynaptic spikes. Although
there are two time constants (t+ and t�) in the equation, they
can be unified as a STDP time constant (tSTDP) because the
absolute values of the two parameters are almost identical.

In this simulation, the OMIEC device acts as a voltage
divider, allowing STDP learning without pulse generator syn-
chronization or pulse overlap as previously reported in the
literature. Also, the OMIEC device can control the value of tSTDP

easily by tuning its ion conductivity. The value of tSTDP

decreases by increasing the salt concentration, which is similar
to the PPF fitting result. The used models, ECM data, simula-
tion operation, and fitting results are described in the ESI† (Fig.
S7–S10).

4. Conclusions

In this study, we demonstrated a new OMIEC memristor using
Ru(bpy)3(PF6)2 as an active layer that emulates the short-term
characteristics of a biological synapse. Besides, the perfor-
mances of the memristors can be tuned by adding the LiClO4

salt, which affects the ion conductivity of the active layer. EIS
was performed to measure the ion conductivities of the devices.
Also, the I–V characteristics, turn-on time, relaxation time, and
PPF indices of OMIEC memristors were measured to explain
their correlation with biological synaptic properties. Addition-
ally, short-term synaptic plasticity was mimicked by applying
4 + 1 spikes and the current was measured to verify the STM
characteristics of our memristive devices. The above data
confirmed that Device-2S, which consisted of Ru(bpy)3(PF6)2

with 2% LiClO4, showed similar timescales to the STP char-
acteristics of biological synapses. Lastly, the SPICE simulation
shows a tunable STDP time constant by connecting our OMIEC
memristor, which can mimic the calcium ion dynamics in a
biological synapse, to the LTM synaptic device. These results
make our OMIEC memristor a good candidate for the neuro-
morphic device, paving the way to implement electronic
synapses in future applications.

Fig. 7 (a) A series circuit for the STDP simulation, (b) presynaptic and postsynaptic spikes, applied pulse on a series circuit; short pulse: 14 V (pre) and 18 V
(post) with 500 ms, long pulse: 6 V with 200 ms, Dt: 50 ms–20 s, and (c) normalized weight change versus time difference for OMIEC devices.
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