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Abstract
Perovskite memristors have emerged as leading contenders in brain-inspired neuromorphic
electronics. Although these devices have been shown to accurately reproduce synaptic dynamics,
they pose challenges for in-depth understanding of the underlying nonlinear phenomena.
Potentiation effects on the electrical conductance of memristive devices have attracted increasing
attention from the emerging neuromorphic community, demanding adequate interpretation.
Here, we propose a detailed interpretation of the temporal dynamics of potentiation based on
nonlinear electrical circuits that can be validated by impedance spectroscopy. The fundamental
observation is that the current in a capacitor decreases with time; conversely, for an inductor, it
increases with time. There is no electromagnetic effect in a halide perovskite memristor, but
ionic-electronic coupling creates a chemical inductor effect that lies behind the potentiation
property. Therefore, we show that beyond negative transients, the accumulation of mobile ions and
the eventual penetration into the charge-transport layers constitute a bioelectrical memory feature
that is the key to long-term synaptic enhancement. A quantitative dynamical electrical model
formed by nonlinear differential equations explains the memory-based ionic effects to inductive
phenomena associated with the slow and delayed currents, invisible during the ‘off mode’ of the
presynaptic spike-based stimuli. Our work opens a new pathway for the rational development of
material mimesis of neural communications across synapses, particularly the learning and memory
functions in the human brain, through a Hodgkin–Huxley-style biophysical model.

1. Introduction

Neuromorphic computing must continue to take steps. The road ahead for the artificial neural networks,
inspired by the human brain, consists of significantly advancing the understanding of the operational
mechanisms of the nervous system (communications and functionalities) in order to develop reliable
emerging circuits for memory applications [1]. One of the most complex structures to emulate in brain-like
computation lays in the biological synapses which rely on the presence of ions and release of
neurotransmitters that control the delay in the response [2]. This central process of learning, memory and
inference in the cognitive human brain is indispensable for the real-time information-processing and
transmission. Neuronal connections are highly sensitive to activity-induced patterns (synaptic plasticity) [3],
strengthening, or weakening under high- or low-frequency stimulation, respectively. Both types of
synapse-specific Hebbian forms of neuroplasticity, commonly known as long-term potentiation and
depression [4, 5], underlie the ability of the brain to memorize and learn [4, 6], providing a basis for the
development of artificial neurons and synapses. These changes of efficiency in synaptic transmission,
depending on the spike timing [7, 8], have been the object of intensive research efforts during the past few
years [9], with the aim, on the horizon, to develop phenomenological models in advanced neuroelectronic
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materials that mimic the functions of biological neurons and synapses [10, 11]. In neuromorphic electronics,
the essential synaptic behavior of potentiation has been recently observed in next-generation neuron-style
perovskite memristors ascribed to an increasing conductance state of the device [12–16]. However, the origin
of this ubiquitous and fascinating phenomenon has not been explained by using a biophysics-based electrical
model, in the sense of Hodgkin–Huxley theory [17], that qualitatively explains the transient behavior and
helps to articulate a consistent interpretation of the underlying ionic-electronic processes at different time
scales.

In this work, we report a neuromorphic engineering approach to explore the origin of long-term
potentiation systematically observed not only in the experimental transient responses under continuous
pulsed operation of novel memristors that reproduce the postsynaptic currents, but also in photodetectors
[18], light-emitting diodes [19, 20], and photoelectrochemical systems [21, 22]. Emerging perovskites have
been used as model materials to create a neuromemristive device owing to the presence of activated ion
migration channels. In recent and important applications of this technology, the research community has
advanced in the understanding of how rich ionic dynamics affect device operation [23, 24]; however, further
investigations are required to decipher the behavior of this material in the ‘imitation game’ of membranes in
biological neurons. Here, ionic processes at the interfaces are the key to unraveling synaptic potentiation
effects [25], which is one of the most important processes that trigger learning and memory fixation in the
human brain. We analyze the high conduction state of perovskite memristors to a sequence of equally spaced
impulses of constant areas in the range of high voltages, where the mechanism of inverted hysteresis emerges
in the current–voltage characteristic [26]. In the initial responses, we observe the time transients, typically
observed in resting conditions and caused by the ‘conventional’ ionic motion, in the current [27].
Nevertheless, for subsequent resulting currents in response to the pulse train excitation, the steady-state level
(or the size of the synaptic component in the evoked response) persistently increases as an effect of the
inherent memory dynamics of mobile ionic charges in perovskites, affecting to the dc conductivity. We
present a nonlinear electrical model that reproduces the varying experimental current transients, discerning
the underlying bioelectrical phenomena of this extraordinary process of synaptic functionality and making it
possible to quantify the kinetic parameters that control the response in neuromorphic electronic devices
through a consistent physical interpretation. Finally, we explore the results of the dynamic potentiation
effects by regulating the frequency (in voltage) and changing the nature (current) of the applied stimuli. For
verification purposes, impedance analysis was carried out over a wide range of voltages. These observations
explain the electrical and material origins of the potentiation in synapsis-like memristors.

1.1. Transient and potentiation effects in synaptic devices
Figure 1 provides a summary of different types of artificial postsynaptic potentiation patterns. One of the
most common ways to experimentally find this unique mechanism is given by a continuous increase of the
resulting current, as shown in figure 1(a), in response to external voltage pulses that emulate presynaptic
spikes [12]. This gradual increase in the electrical current can be also observed by applying consecutive
voltage sweeps (refer to figure 1(b)) [15, 28], where the subsequent change in conductance, relatively similar
to the synaptic potentiation of bio-synapses, is termed as ‘analog switching process’ in neuro-inspired
memristor devices. These multilevel conductance states, which are essential for artificial synaptic
applications, are not only visible with the repetition of voltage stimuli, but additional factors, such as the
voltage range and operation time, lead to substantial changes in the current level of the device. An example of
a perovskite memristor whose conductance changes at different scanning voltages is shown in figure 1(c)
[13].

At this point, let us review the main types of transient responses, in response to a train of pulses, that are
routinely observed in the study of artificial synapses and that we will analyze here. The ionic nature of
perovskite memristors causes the intrinsic memory phenomena of potentiation, as evidenced by
extraordinary complex transient responses, including ubiquitous spikes with changing trends, which lead to
substantial increases in the current level and permanent resistive changes. As a relevant example, figure 1(d)
shows the coexistence of the famous threshold switching mechanism and potentiation behavior in perovskite
memristors, involving transient effects with ‘multiple faces’ that require an adequate framework of
interpretation [13, 25, 29]. When sub-threshold voltages are applied, no potentiation effects are observable,
as illustrated figure 1(d1). The current transients for all the trains of voltage pulses exhibit a relatively low
initial peak and an ulterior decay with time because the device is still in the initial conduction state (static
dynamics). However, the conductance is notoriously potentiated as the voltage goes up to higher values
(dynamic behavior of the artificial synaptic devices). Intermediate voltage values cause negative spikes in the
time transients, inverting the tendency of the standard decay processes (figure 1(d1)), thereby increasing the
conductance levels and leading to slight potentiation mechanisms (refer to figure 1(d2)). Note that the
transient current undershoots also increased gradually with the passage of the voltage pulses. Finally, the
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Figure 1. (a) Representative example of long-term potentiation achieved by application of consecutive rectangular pulses to the
artificial synapse in a two-terminal perovskite-based memristor [12] John Wiley & Sons. [© 2016 WILEY-VCH Verlag GmbH &
Co. KGaA, Weinheim]. (b) Experimental demonstration of potentiation and depression by repeating voltage sweeps in a general
oxide-based memristor. Inset shows the device current response (red) to multiple subsequent voltammetries (black). Reproduced
from [28]. CC BY 4.0. (c) Current–voltage curves with consecutively increased ranges that induced gradual setting processes in an
organometal halide perovskite memristor. (d) Current responses of the memristor analyzed in (c) to rectangular pulse sequences
with different amplitudes, leading from no potentiation (d1) at sufficiently low voltages to (d2) slight and (d3) significant
artificial synaptic enhancement as the height of the pulses increases. (e) Subsequent variation of the conductance of the perovskite
memristor with time. Reprinted from [13], Copyright (2020), with permission from Elsevier.

shape of the transient current responses shows an unusual type of behavior, different from the classical initial
decays, in the extreme case of high-voltage excitations. As shown in figure 1(d3), the time transients exhibit
dramatic and potentiated dynamics. Beyond this visual observation of the transient responses, a quantitative
analysis requires the identification of the underlying bioelectrical mechanisms that cause this diversity of
observed responses and, ultimately, to obtain a physical interpretation. Figure 1(e) summarizes the
subsequent tendencies of the resistances over time as a function of voltage [13].

The waveform of the resulting responses previously explained in the scenario of high potentiation, in
which the current increases slowly after an abrupt change in the voltage input, is a typical pattern found in a
wide variety of memristors and related devices. Therefore, the model proposed here can explain a wide
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Figure 2. (a) Single-pulsing scheme of a neuro-inspired memristive Pt/Li7Ti5O12/Pt device [30]. John Wiley & Sons. [© 2020
WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim]. (b) Evolution of the experimental current density in a perovskite solar cell
over 50 ms following a variable jump from different dc voltages in dark. Reproduced from [31]. CC BY 3.0.

variety of relaxation processes observed in the literature. Figure 2(a) shows the results of
chronoamperometry experiments of a novel functional material based on lithium titanates (with a linear
artificial neural training response in conductance) when the voltage increases, but now at high bias values
and for long time spans. In this study [30], the authors interestingly demonstrated that the transient and
potentiation mechanisms can be modulated by the original engineered lithiation state of the switching oxide.
Again, we observed that the shapes of the waveforms were similar to those previously described. In effect, the
transient and potentiation effects that we will explain here are commonly observed in classical oxide-based
and novel memristor-based structures of memristors that mimic the functions of synapses with a high level
of bio-fidelity. As a final and representative guide of the transient responses, figure 2(b) shows a similar
correlation of the experimental current density evolution with the height of the applied step voltage in
perovskite solar cells [31]. Here, authors suggest that the sign of the current depends on the ratio of
generation to recombination mechanisms. Simulations based on drift-diffusion describe the dark current
responses well, except for the negative spikes, which results in certain discrepancies. Therefore, it is plausible
that the establishment of a consolidated framework of transient dynamics under single, repeated, and/or
periodic stimuli is necessary because it has important implications for the understanding of potentiation
operations in postsynaptic currents [12, 13], the design of biorealistic materials [11] and, more generally, for
adequate modeling of a wide variety of electronic devices.

2. Results and discussion

2.1. Experimental visualization of synaptic potentiation operation
We examined a standard device with a memristor-based architecture consisting of glass/FTO/PEDOT:PSS
(50 nm)/MAPbI3 (500 nm)/Au (60 nm), containing both contacts that are selective to holes. To induce the
ubiquitous effect of potentiation, we apply a train of voltage pulses of varying height, from 0.65 to 1.2 V
(50% duty cycle), and frequency stimulation of 5 Hz in the dark. Note that the base-line voltage is 0 V (off
mode in the pulse operation). Although the introduction of read voltages is a typical procedure to extract the
conductance evolution with time in this type of studies focused on artificial synaptic plasticity [16, 32, 33],
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Figure 3. (a) Current–voltage response of the perovskite halide memristor measured at a scan rate value of 100 mV s−1, with
consecutively increased voltage steps (5 mV) that induce gradual setting and resetting mechanisms. (b) Transient currents in
response to a train of rectangular pulses of some of the indicated voltage in (a)—from 0.65 to 1.2 V—and 5 Hz, demonstrating
the long-term potentiation of the device’s conductance.

we do not apply it here in order to facilitate the interpretation of time transient responses in terms of
electrical models. We consider, in any case, that the potentiation effects can be evidenced through the current
responses and, therefore, it is beyond the scope of this work. All preparation procedures and electrical
measurements are described in detail in the methods section.

Figure 3(a) shows the current–voltage sweep characterization of our artificial synapse devices, indicating
the precise values of the consecutive voltage pulses, mimicking the presynaptic spikes used in the time
transient experiments. As can be seen in figure 3(b), the function of potentiation, emulating biological
synapses, can be electrically activated and/or modulated in neuromorphic computing depending on the
strength of the stimulus [13]. In effect, the current values, during the on mode in the pulse operation and
just after turning off the voltage, increase and decrease, respectively, more dramatically with the application
of larger amplitude pulses, as illustrated in figures 4(a) and (b). This potentiation effect of the resulting
current has been amply observed in the literature, both in response to a train of voltage pulses [12–14, 29]
and sweeping voltages [28] in neuro-inspired electronic devices, as noted above. Nevertheless, to the best of
our knowledge, the electrical mechanisms behind this star synaptic function have not yet been elucidated.

For convenience, we extracted here very different transient current responses in the process of artificial
synaptic potentiation at well-separated timescales. In the expanded view of the initial transient currents
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Figure 4. (a) Waveforms of the resulting currents in response to the initial part of the voltage pulse-train stimulus. For the sake of
clarity, only time transients to the lower voltage excitations are shown here. (b) Expanded view of the negative discharge
characteristics when the voltage is switched off. (c) Representative transition from classical negative transient spikes (c1), found in
the initial part of the current response, to progressively enhanced inductive dynamics (c2), as an example of the artificial synaptic
potentiation, obtained under the application of numerous voltage pulses.

(refer to the left panel of figure 4(c)), one can observe mixed dynamics, caused by the inherent competition,
in the charge phase, between an interfacial charge accumulation effect (initial fast decay, from A to B) and a
time-delayed redistribution ionic process (long tail or relatively slow rise, from B to C), with a negative
overshoot (point B). From an electrical point of view, both effects can be correlated with the charge of the
interfacial capacitance and slow non-electromagnetic inductor. Before we proceed any further, we should
indicate that, in a previous paper [34], the authors obtained identical time transient responses to
single-pulsing voltage perturbations, under certain conditions, by using a two-dimensional model and
numerical simulations. Similarly, the dominant effect of the chemical inductor could be observed through
the temporal evolution of the non-linear resistance in perovskite-based synaptic memristors, where the
internal crossfire between charge trapping and ion migration also forms fascinating transient dynamics (with
positive and negative spikes) that define the degree of artificial neuroplasticity [35].

When the pulse is switched off, the current swings negatively (point D); that is, the direction of the
current is abruptly inverted, which leads us to consider the existence of bulk-resistance effects. The ulterior
discharge characteristics, in comparison with the positive portions of the current, have no spikes, suggesting
that there is no inductive feature at 0 V of applied voltage bias [36, 37]. This is the key point of artificial
synaptic potentiation, which will be explained in detail later. Note that a more primitive stage can be found
under relatively low voltage excitations, where the initial transients only show capacitive decays that evolve
with the passage of the pulses to inductive dynamics, enhancing the conductance of the device.

Giant inductive effects, on the other hand, are revealed and become much more pronounced under
continuous pulsed operation (refer to the right panel of figure 4(c)), originating from memory-based
interfacial ionic phenomena, the fundamental basis of the origin of long-term synaptic potentiation. In
effect, the current responses in this time window do not exhibit negative overshoots (point B disappears)
because the interfacial capacitive effects lose relevance and thus vanish in the time transients. It is important
to complete the exploration of figure 4(c) because, according to these views, the experimental time transient
in figure 4(c2) shows a much more prominent change in the current, just after the step change at the trailing
edge of the voltage pulse (from C to D), than that in figure 4(c1), which seems to be somehow connected
with the same physical mechanism of the increasing inductive phenomena.

It should be mentioned that we have checked the cyclability and resistive-switching endurance of the
perovskite memristors under a series of voltage sweeps and pulses. The conductance states and number of
electrical pulses that one needs to apply to decrease the resistance of the devices were approximately the same
as in the first measurement.

2.2. Dynamical model
Based on the observations of the current response to the pulsed voltage, it is necessary to propose an
advanced model that tracks the transformation of transient dynamics from capacitive to inductive effects
(both related to ionic-controlled interface recombination mechanisms) and, perhaps more importantly, has
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Figure 5. (a) Illustration of biological synapse and the electrical equivalent implementation to evidence long-term potentiation of
postsynaptic activity, consisting of a memristor-based circuit model that receives voltage spikes in form of a train of rectangular
pulses. (b) Schematic diagram of the general nonlinear equivalent circuit model underlying to the ionic-electronic phenomena
that take place at the interfaces of a halide perovskite memristor, as a mirror version of biological neurons. The electrical model
constitutes a simplified version of the complete circuit, ignoring, for example, the parasitic resistance, Rs, and the dielectric
capacitance, Cg (negligible in the recorded transient current responses).

the ability to remember the previous history (memory effects), retaining information when the voltage is
switched off. As the starting point, we consider the representation of a voltage-controlled memristive device
[38, 39] as shown in figure 5(a), adapted to obtain the general structure of a conduction-polarization system
(including capacitive charging), as is the case here for the transient current–voltage behavior of halide
perovskites with the memory effect [40].

The applied potential difference in the device is denoted Vapp, the surface potential in the active interface
as v(t) and the current across the device as i(t). At high voltages, this current is affected by an internal
system-dependent process that includes the memory effect and leads to chemical inductive behavior. This
abnormal mechanism is represented by a general and internal state variable x(t) that undergoes a slowing
down response (not instantaneous) by a voltage-driven adaptation function g(x,v), to the external stimulus
[40, 41]. The conduction channel of the conductivity function is represented by f(v,x). Therefore, the
memristive device can be described by the following generalization of nonlinear coupled dynamical
equations in the scenario of high-voltage excitations:

i(t) =
dQS (v)

dt
+

1

RM
f(v,x) (1)

τk
dx

dt
= g(x,v) (2)

where QS is the surface charging function, RM is the resistance scale parameter (for memory conductance),
and τk is the slow characteristic time.

The general structure of equations (1) and (2) represents notorious two-dimensional dynamical neuron
models in the style of the FitzHugh–Nagumo (FHN) equations, once the nonlinear functions f(v,x) and
g(x,v) are defined to describe the specific properties of the phenomenon under study (here, long-term
potentiation of synaptic activity) [42]. Equations (1) and (2) can be viewed as a memristive element [43, 44],
capable of replicating the biological postsynaptic activity, which is connected to a pulsed voltage source,
similar to presynaptic spikes, and the relaxation current is subsequently recorded under different stimulation
amplitudes and frequencies. Figure 5(a) illustrates the experimental waveforms of the ‘pulsing section’ (of a
generalized height, Vapp) applied to the memristor. In our transient analysis, the charging processes are
stopped at t= pT (where T is the duration of each cycle and p denotes the pulse number, p= 1,2,3…), when
negative step transitions of the input occur and the current i(t) has jump discontinuities.

We now introduce a bio-realistic long-term potentiation model for halide perovskite memristors. From
an inspection of the observed transient responses (figure 4), it can be inferred that the current i(t) can flow
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along three flow paths: (i) charging the interfacial capacitance Cm, (ii) extracting a rapid current at the
contacts (current IR (v)), and/or (iii) slowly via an ion-modulated current, iL (t). This implies that
f(v, iL) = IR (v)+ iL (t). Here, the general conduction function is decoupled in an instantaneous current
IR (v) interpreted as a recombination current, and a slow variable current x= iL (t) is delayed by a
characteristic time τLT owing to slow ionic effects. On the other hand, the adaptation function is also
separated to additive components as g(v, iL) = IL (v)− iL (t), where IL (v) represents the steady-state value of
the internal recovery current that remains when the transient effect is over.

In summary, we obtain the following dynamical model in the style of neuronal models:

i(t) =
dQS (v)

dt
+ IR (v)+ iL (t) (3)

τLT
diL (t)

dt
= IL (v)− iL (t) . (4)

The general structure of equations (3) and (4) is analogous to that of the FHN model [42, 45]. In the
neuronal FHN theory, the instantaneous conductivity function IR (v) contains a negative resistance sector
that leads to bifurcation and spiking [41]. In the case of the synaptic function described here, the functions
IR (v) and IL (v) grow exponentially with the voltage, as detailed in the Methods section, corresponding to the
established behavior of halide perovskite devices [46].

Figure 5(b) shows the proposed nonlinear equivalent circuit, valid for the analysis over a wide voltage
range, of conductance potentiation dynamics, and the comprehension of the mechanisms that form these

fascinating transient responses in perovskite memristors. Here, Cm = dQS/dv is the surface capacitance; R3,
Rb, and Ra are the variable resistances connected to i

(
Vapp− v

)
(i.e. the stationary value of the interfacial

current, i(t)), IR (v), and IL (v), respectively; and La is the chemical inductor associated with the delayed
surface current. Indeed, this electrical model is not a ‘normal circuit.’ The applied voltage enormously
changes the value of the elements, being interdependent among them [47]. In contrast, the conventional
impedance measurements provide a summary vision of the elements, invariable for the value of the ac small
signal voltages, which control the physical response and immediately give a meaningful content of the model
[37]. The application of this technique is indeed a reasonable supporting point because, in this scenario, the
equivalent circuit is linear (see below). The additional elements present in the circuit model are the
geometric capacitance Cg and the series resistance Rs of the contacts.

2.3. Simulation of the potentiation process from the electrical circuit
We will now explore the dynamical behavior of our halide perovskite memristor model to evaluate synaptic
efficacy modulation (transient current response to a voltage pulse-train stimulus) in terms of the
self-sustained long-term potentiation that replicates very important mechanisms in the human brain. At this
point, we aim to answer the crucial question: What is the reason for the gradual increase in the conductance
of the device, which is relatively similar to the synaptic potentiation process in biological memory? To solve
this question, we focused our attention on testing whether the dynamical behavior of the voltage-dependent
chemical inductor, formed by time-delay ionic interactions [40], can explain the set of anomalous transient
results observed here. For this purpose, we used the dynamical equations previously indicated, but
particularized them to the key variables in the conductance potentiation process (see currents and voltages
labeled in figure 5(b)). The details of the resolution of the nonlinear model are provided in the methods
section.

In figure 6(a), we observe that our simulations reproduce the anomalous transient current behavior
observed in the artificial synaptic functionality of the potentiation protocol (refer to figures 3(b) and 4(a)).
At the leading edge of the pulses, when the input voltage undergoes positive step changes, i(t) exhibits

repetitive capacitive peaks because only dQS (v)/dt has a non-zero value. Immediately after, the output
current responds differently, depending on the number of preceding pulses. For instance, the initial transient
responses with negative spikes during the on-time, approximately for t< 1 s, are explained by the clear
transition from capacitive to inductive phenomena (or ionic-delayed interface recombination mechanisms)

[27, 46]; in other words, the alternating dominance of the currents dQS (v)/dt and iL (t) in i(t), see
equation (3). However, the displacement capacitive currents and the subsequent undershoots, with the
passage of the voltage pulses (i.e. for t> 1 s), can be hardly identified or directly disappear, as can also be
seen experimentally—refer to figure 4(a)–, owing to the impact of the previous steady state on the shape of
the subsequent transient currents. In fact, theoretically speaking, the initial condition of iL (t) in equation (4)
increases proportionally to the number of applied pulses due to the fact that the chemical inductor retains its
charge, and hence its current, during the off mode in the pulse operation, because there is no way for such
electrical element to discharge. Thus, the inductive mode of perovskite memristors, in the form of sharp
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Figure 6. (a) Simulation of the transient current response to a train of uniformly spaced rectangular voltage pulses of 1 V and
5 Hz. (b) Inset of (a), where it is shown the trend in the values of the current just after the pulse is switched off, mimicking a
spike-rate dependent plasticity learning rule. (c) Waveform of the simulated current response (or the slow memory-based
function) flowing through the chemical inductor. (d) Current responses to voltage pulse sequences of 1 V with different
frequencies, from 1 to 0.1 Hz, obtained from numerical computation.

rises, ‘governs single handedly’ the transient responses of the synaptic long-term potentiation, without
capacitive decays and negative spikes. Equation (4) does not provide dynamism in the discharge phases, and
is only visible to the capacitive processes. Note that the conduction current IR (v)manifests itself only when
dQS (v)/dt is relevant (for lower values of iL (pT)). In summary, this complex and highly nonlinear effect
constitutes a memory feature, and thus, a very interesting domain of study for interpreting the synaptic
operation of any system through the general theory proposed here.

However, we show that our results provide experimental confirmation of the predictions by mimicking
another example of spike-rate-dependent plasticity. In the case of our pulse stimulus, with a time interval of
a few milliseconds, the effect on negative current, shown in the zoomed-in graph of figure 6(b), is reported,
resulting in an enhancement of synaptic current [48]. The simulation results in negative discharge spikes that
slightly decrease as the time increases, which is consistent with the experimental trend (cf Figure 4(b) and see
methods section). Figure 6(c) shows the dynamic pattern of the internal variable iL (t) with a progressive
increase during the on mode in the pulse operation, which promotes the long-term potentiation of the
ion-channel conductance in the memristor-based neural network as a function of the voltage. When the
driving voltage was turned off, iL (t) remained constant.

The physical origin of the activation and potentiation effects in memristors is currently under debate
since several chemical and physical effects occur simultaneously [49]. One of the plausible explanations for
neuro-inspired memristors relies on the slow response of mobile ions to the electrical field. While the voltage
remains on iodide ions have time to respond and tend to accumulate at the perovskite/Au interface screening
the electric field [19, 50] (related, theoretically, to a decrease of current) but, at the same time, leaving behind
an increased number of halide vacancies in the perovskite that ultimately cause self-doping phenomena [25]
and a consecutive enhancement in dc conductance—illustration of figure 5(b) [12]. In this way, halide
vacancies form conducting channels or filamentary pathways that gradually growth in response to
consecutive electrical stimulus, resulting in potentiation [16]. Indeed, some accumulated ions at the interface
perovskite/Au, that have penetrated into the contact layer during the injection of voltage (and chemically
interact with the reactive element), relax during the off mode in the pulse operation, involving these extra
ion vacancy defects in the perovskite when the driving voltage is again turned on [19]: The ‘game rules’, in
terms of the ionic landscape, change every time the pulse is switched on, potentiating here the effects of
artificial synaptic transmission.
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Figure 7. (a) Experimental comparison of the potentiation effect in device’s conductance (transient-current response) as a
function of stimulus frequency (voltage). An area of the saturation section is highlighted and zoomed in on (b). (c) Resulting
transient voltages in response to a train of rectangular current pulses of variable height, from 10 µA to 1 mA, and 500 mHz,
evidencing a clear static behavior in contrast of the dynamic effects obtained under voltage excitation.

Remarkably, when the numerical simulations were repeated but voltage impulse sequences of decreasing
frequencies were applied, the shape of the waveforms was similar to that of current transients in the first
stage of the pulse train, but with a less obvious conductance enhancement effect (see figure 6(d)) under the
application of numerous voltage pulses. This differential characteristic is crucial for practical
implementation of synaptic functions in an artificial neural network. In effect, these results show that the
long-term potentiation is more easily saturable (lower current values) as frequency decreases, impairing the
‘biological coupling’ between the synaptic response and the firing of postsynaptic neurons [51]. To further
prove the outlined theory, we next analyze, from an experimental perspective, the frequency-dependent
potentiation effects.

2.4. Additional schemes of the memristor operation under pulse stimulation
For completeness, experimental measurements under low-frequency voltage stimulation were performed
(figures 7(a) and (b)). From a physical point of view, the results showed that mobile ions driven by a slow
electric field can more easily diffuse back to the initial position when low-frequency voltage signals are
applied, leading to a less prominent conductance enhancement [13, 29]. In electrical terms, it seems that the
value of the retaining current in the ionic inductor rapidly saturates, and the transient currents thus show
intriguing waveforms with additional characteristics, consistent with our numerical simulations
(figure 6(d)).

Another possible mechanism in the presence of ion migration was also investigated. In figure 7(c), we
experimentally show that the potentiation process of memristor conductance cannot be manipulated by
regulating the amplitude of the applied current stimulus. From our chronopotentiometric measurements, it
is clear that the waveforms of the resulting transient voltages depend on the magnitude of the current
excitation, similar to the voltage-controlled technique. At low currents, the results represent slight rounding
of the pulse edges. Note that the edges are actually increasing exponential functions, that is, capacitive
processes. Nevertheless, the voltage responses bear no resemblance to the pulse waveform at high current
levels. They consist of initial spikes at the leading edge of the pulses and ulterior decays, which led us to
consider the existence of slow inductive mechanisms. The main difference, in comparison with the previous
scenario, is that the external current limits the memory pattern in ionic motion and thus constrains the
current flowing through the chemical inductor during the off-time (different slow time constants), thereby

10



Neuromorph. Comput. Eng. 3 (2023) 024005 E Hernández-Balaguera et al

Figure 8. Complex plane plot representation of the impedance spectra obtained at (a) low and (b) high applied dc voltages, where
the emerging negative capacitance effects are shown in a panel corresponding to a magnification of the scales.

preventing potentiation effects. In effect, the experimental results are consistent with our assumptions and
can be easily deduced from the dynamic model previously described.

2.5. Impedance analysis
In the literature, the direct relation between the inverted hysteresis in the current–voltage curves and negative
capacitance phenomena in perovskites, visualized at large voltage bias, has been widely demonstrated
through inductive loops [36, 52] and negative transient spikes [27, 53] in the frequency and time domains,
respectively. In this operational regime, just before the switching event, the conductance potentiation
property emerges [28] coincide with inductive mechanisms in halide perovskite memristive devices. It is
important to bear in mind this basic concept.

Although impedance spectroscopy is an experimental measurement subject to linear working conditions,
it is now used to verify our results. A set of spectra for the perovskite memristors is shown in figure 8. At low
voltages, the devices respond with a capacitive arc in the low-frequency region (figure 8(a)), while the
inductive component is formed at high voltages, causing the famous negative capacitance effect [26, 54–56],
which is visible in the zoomed-in view section shown in figure 8(b). Impedance data help to explain (i) the
time-domain observations related to the overall experimental current waveforms in both the charge and
discharge processes, (ii) the more evident potentiation of conductance under continuous pulsed operation as
the voltage increases, and (iii) the inexistence of this unique effect at low voltages. These results corroborate
our assumptions. However, it is necessary to emphasize that nonlinear problems, such as those studied here
for artificial synaptic potentiation, have not been completely clarified using classical impedance analysis.

3. Conclusions

Interfacial phenomena in perovskite memristors mirror artificial versions of biological neuron processes. For
this reason, obtaining an in-depth understanding of these brain-inspired devices can yield insights into
overcoming the challenges faced by emerging neuromorphic computing and artificial intelligence.
Long-term potentiation is a critical synaptic feature in the learning and memory functions of the human
brain, and we analyzed it in-depth to explain the origin of the nonlinear conductance properties of spiking
neurons found in halide perovskite memristors. We investigated the potentiation effects of mimicked
postsynaptic transient currents under pulse-mode voltage operation initially with varying periodic
presynaptic spike amplitudes. Experimental transient measurements combined with electrical simulation of
the device indicated that the memory effects of the time-delayed ionic redistribution were responsible for
this fascinating phenomenon. Our dynamical electrical model explained that the change in the
transient-current responses is due to the memory properties of a chemical inductive element (related to the
delay effect), which is ‘accessible’ and thus charging during the on-time but ‘invisible’ and therefore retaining
charge during the discharging phase. From a physical point of view, mobile ions change the internal electric
field for each pulse, which leads to a more evident interface-controlled recombination, and thus, a change in
neuron-style conductance states. In addition to analyzing the dominant role of the slow and delayed currents
in artificial synaptic potentiation under relatively high-frequency voltage stimuli, our work also studies the
resulting responses either when the frequency decreases or the nature of the excitation changes, with less
(faster saturation, impairing synaptic enhancement) or no obvious potentiation mechanisms, respectively.
This study determines the electrical origin of a unique transient behavior of synaptic operation in the human
brain in the style of a Hodgkin–Huxley-type model devoid of bifurcations, paving the way for further
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development of neural networks. In addition, it provides valuable information about the kinetic parameters
that control the postsynaptic response and new understanding, especially when halide perovskites are used in
pulsed operation (useful also for other important applications in different scientific communities, such as
electrochemistry, electronics, and photovoltaics) and/or under steady-state conditions.

4. Methods

4.1. Device fabrication
All materials and solvents were used as received. fluorine doped tin oxide (FTO) glass (Pilkington TEC 15),
PEDOT:PSS (Heraeus CLEVIOS™ P VP AI 4083), CH3NH3I (methyl ammonium iodide (MAI),
Greatcellsolar), PbI2 (TCI, 99.99%), DMF (Sigma Aldrich, anhydrous 99.8%), (dimeyl sulfoxide DMSO
(Sigma Aldrich, anhydrous 99.9%), chlorobenzene (Sigma Aldrich, 99.8%). The MAPbI3 precursor solution
was prepared using N,N-Dimethylformamide (DMF) solutions (50 wt%) containing MAI and PbI2
(1:1 mol%) and MAI, PbI2, and DMSO (1:1:1 mol%), as reported previously. Briefly, MAI (235 mg) and
PbI2 (681.5 mg) were mixed with DMF (1 ml) and Dimethyl sulfoxide (DMSO) (95 µl).

The devices were prepared according to previously reported methods. All the samples were prepared
from FTO glass substrates. Etching was performed with zinc powder and HCl solution (2 M). Afterwards, the
samples were brushed, cleaned with Hellmanex solution, and rinsed with Milli-Q water. For complete
cleaning, the substrates were sonicated in acetone for 15 min, and this step was repeated using a mixed 50:50
ethanol-isopropanol solution. Finally, the substrates were dried with nitrogen and treated in a UV-O3

chamber for 15 min. The PEDOT:PSS solution was filtered using a 0.45 µm syringe filter and spin-coated on
the substrate at 3000 rpm for 30 s. This was followed by annealing at 120 Â ◦C for 10 min. The devices were
transferred to a nitrogen-filled glovebox and the samples were heated at 100 ◦C for 5 min to avoid residual
humidity on their surface. The perovskite precursor solution was spin-coated at 4000 rpm for 50 s using
chlorobenzene as an antisolvent. Afterwards, the substrate was then annealed at 100 Â ◦C for 10 min. In the
last step Au electrodes were thermally evaporated to define an active area of 0.25 cm2 for measurements in
the dark.

4.2. Electrical characterization
All electrical measurements were performed in a glove box filled with N2. Dark current–voltage
characteristics were recorded by performing cyclic voltammetry with a 5 mV step at a scan rate of
100 mV s−1 using a PGSTAT204N potentiostat/galvanostat from Metrohm AutoLab. Note that the
instrument was driven, for all electrical measurements, by the NOVA 2.1.5 software and, for this case, 10 I–V
cycles were recorded starting in a forward direction from 0 V to 1.5 V, followed by a reverse direction from
1.5 V to−1.5 V, and finally recovered to 0 V. Under potentiostatic control, rectangular pulses of different
heights, from 0.65 to 1.2 V, and durations of 0.05, 0.1, 0.2, and 0.5 s were applied into the memristive device.
Note that the voltage level from which the pulses are initiated corresponds to 0 V. The current responses were
recorded for 30 s, beginning at the instant the first pulse of the train was applied until the subsequent
potentiation process was clearly visible. A sampling rate of 10 kHz was used, and all the experiments were
repeated twice. We also checked the operation of the memristor under galvanostatic control, injecting
rectangular pulses of different heights, of 0.01, 0.05, 0.1, 0.5, and 1 mA, and duration of 1 s and,
subsequently, recording the voltage responses during 20 s. Impedance measurements were carried out
using the AutoLab PGSTAT204N Potentiostat/Galvanostat (Eco-Chemie). Sinusoidal signals of 10 mV
amplitudes were applied at 36 logarithmically spaced frequencies (five steps per decade) from 1 MHz to
100 mHz.

4.3. Numerical simulations
Our nonlinear electrical model was implemented to simulate the transient results using MATLAB’s built-in
ordinary differential equation solver based on the explicit formulae of Runge–Kutta (4,5) (ode45). Next, we
provide details of our numerical simulations.

In the equivalent circuit of figure 5(b), the resistances exhibit exponential dependences on voltage, some
of them correlated with the interfacial capacitance and/or chemical inductor, to obtain the unaltered
impedance time constants, which are characteristic of perovskite devices [57]. Based on these assumptions,
we write the exponential dependences in the currents in equilibrium conditions:

I
(
Vapp− v

)
= I0e(

Vapp−v)/Vs , IR (v) = IR0ev/Vs , and IL (v) = IL0ev/Vb , where I0, IR0, and IL0 are prefactors, and

Vs and Vb are ideality factors with dimensions of voltage. Under stimulation ((2p− 1)T/2< t< pT), the
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model equation for the external current is

τST
di(t)

dt
= IR0e

v/Vs − i(t)+ iL (t) (5)

and for the slow memory variable:

τLT
diL (t)

dt
= IL0e

v/Vb − iL (t) (6)

both obtained from Kirchhoff ’s laws, which are valid in nonlinear circuit models. Note that both the short-
and long-timescale characteristic constants are defined as τST (v) = R3Cm and τLT (v) = La/Ra

(see below). As

I
(
Vapp− v

)
= IR (v)+ IL (v) and Vs ∼ Vb, the interfacial voltage V in the steady state is given by

V=
Vs

2
ln

[
I0

IR0 + IL0
eVapp/Vs

]
. (7)

Thus, the bulk potential difference was obtained as Vapp − v. From the linear approximation of the
impedance, it is possible to determine the relationships of the voltage-dependent circuit elements:

R3 =
[
dI/

d
(
Vapp− v

)]−1
=
(
Vs/I0

)
e−(Vapp−v)/Vs , Cm = dQS/dv= Cm0ev/Vs ,

Rb =
[
dIR/dv

]−1
=
(
Vs/IR0

)
e−v/Vs , Ra =

[
dIL/dv

]−1
=
(
Vb/IL0

)
e−v/Vb , and La = τLT

[
dIL/dv

]−1
.

Therefore, the time constants are τST =
(
VsCm0/I0

)
e(2v−Vapp)/Vs and τLT =

(
VsCm0/IR0

)
, obtained, the last

variable, through the property of nearly continuity of impedance characteristic times in perovskites,
τLT = RbCm = La/Ra

[37]. The model parameters, used in the simulations of figure 6, are: I0 = 0.66 mA,
IR0 = 0.1 mA, IL0 = 1 mA, τST = 25 ms, τLT = 3 s, Vs = 1 V, and Vb = 0.75 V. Note that, for simplicity, we
define an invariable short timescale characteristic constant that does not significantly affect the numerical
simulations of potentiation.

Nevertheless, we assume that in the discharge phase, the current flowing through the chemical inductor
iL (t) remains constant owing to memory effects (the resting time of duration is much shorter than the
electrical inertia exhibited by the ionic charge redistribution, quantified through τLT (v)). Mathematically,
this is expressed as

iL ([2p− 1]T/2) = iL ([p− 1]T) , (p− 1)T< t< [2p− 1]T/2. (8)

The other initial condition is i
(
[2p− 1]T/2

)
= 0 A. With the passage of the pulses (increasing values of

p), the electrical current in the lower branch, considered just before the step changes from 0 to Vapp, increases
(i.e. the initial condition each time is longer), which affects the value of Ra, decreasing it, and thus increasing
the steady-state conductance and current:

I= IR0e
v/Vs + IL0e

v/Vb . (9)

Specifically, the values of the negative spikes when the step changes of the pulses occur (from pT− to
pT+) can be approximated by

i
(
pT+

)
=−I0e

v(pT−)/Vs . (10)

When the driving voltage is turned off, the current swings negatively by a variable amount, which leads to
the existence of a nonlinear series resistance R3. Then, it starts a pure exponential decay toward zero (with a
larger slow time constant) in each half-cycle. However, the areas of the negative discharge characteristics
above the zero axis are not approximately equal to those below the steady-state regime in the charging phase
[34]. Obviously, these dynamical features of i(t) involve different slow characteristic times as the charge
processes. The current responses do not exhibit overshoots for pT< t< (2p+ 1)T/2 because the ionic
inductor is deactivated at low bias voltages [46]. Therefore, one can assume that the memory variable iL (t) is
normally held constant and thus, equation (6) does not provide dynamism to the current response of the
perovskite memristor in the discharge processes.

Figure 9 summarizes, from an electrical point of view, both the charging and discharging processes for
(2k− 1)T/2< t< kT and kT< t< (2k+ 1)T/2, respectively, highlighting the inductive branch.

Impedance data were fitted to the linear version of the equivalent circuit shown in figure 5(b) using the
ZView software.
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Figure 9. Equivalent circuits of figure 5(b) during the (a) on-time and (b) off-time.
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