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ABSTRACT: Inspired by the biological nervous system, unsupervised
spiking neural networks (SNNs) with the spike-timing-dependent
plasticity (STDP) learning rule have been considered as the next-
generation artificial neural networks (ANNs). However, to construct a
functional SNN with high pattern recognition accuracy and low power
consumption, hardware elements that present synaptic behavior still need
to be developed. In this work, we studied Gd0.3Ca0.7MnO3 (GCMO)-
based memristive devices comprised of an asymmetrical electrode
configuration, Al/GCMO/Au. We verified its switching properties,
focusing on single pulse switching and its usability as artificial synapse
by means of the STDP learning rule. The dynamic range is well controlled
by the pulse amplitude and width, and the conductance change shows a
clear dependence on the interval between the pulses. Moreover, pattern
recognition accuracy (>87%) is obtained in biologically plausible unsupervised SNN simulations when the device characteristics are
utilized as the synaptic weight in the network. The results shed some light on the complexity of the operation of the devices for
utilization in unsupervised SNNs, that is, the evolution of the ANNs for which the first proof-of-concept is currently being reported.
Additionally, the bioplausibility of the simulated network opens the door to considering biohybrid systems and their enormous
application possibilities.
KEYWORDS: memristors, perovskite oxides, thin films, neuromorphic computing, spiking neural networks

■ INTRODUCTION
The development of neuromorphic computing systems has
garnered significant attention due to their potential to mimic
the intricate functionalities of the human brain.1 One crucial
aspect of such systems is the emulation of synapses, the pivotal
connectors responsible for information transfer and storage in
biological neural networks. The emergence of memristive
materials has brought forth a promising avenue for the
realization of artificial synapses,2 enabling the construction of
hardware-based brain-inspired computing architectures.
Moreover, a significant stride toward advancing the

functionality of artificial synapses has been the integration
into unsupervised spiking neural networks (SNNs). While real
neurons communicate using spikes of potential,3 traditional
hardware-based artificial neural network (ANN) designs use a
weighted sum operation which is implemented in crossbars
performing a series of multiply and accumulate (MAC)
operations.4 This scheme is very efficient when the neuro-
morphic system is trained ex situ on a supercomputer and the
weights are transferred to the matrices only once.5 However,
any other design where the training must be done in situ, SNNs
are preferable as the electronic elements are only active a
fraction of the time.6 Unlike ANNs, SNNs are designed to

replicate the behavior of biological neural networks more
accurately by considering the temporal dynamics of neuron
firing patterns. The incorporation of spiking dynamics not only
enhances the computational capacity of these networks but
also aligns them more closely with the inherent bioplausibility
of biological neural circuits. Furthermore, the adoption of an
unsupervised learning paradigm, where network training is
driven by the inherent structure of the data rather than labeled
examples, takes inspiration from the remarkably efficient and
self-organizing nature of biological neural systems. In essence,
memristor-based SNNs offer advantages in event-driven
computation and temporal processing, while memristor-based
ANNs leverage memristors for efficient weight storage in
conventional ANN architectures.7,8 This autonomy makes
unsupervised systems harder to understand and more difficult
to develop. In fact, introducing unsupervised learning
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principles into convolutional neural networks is one of the
open issues in the deep-learning community.9

In this work, we depart from the supervised paradigm and
consider a truly unsupervised SNN which is built upon a
combination of biologically plausible mechanisms similar to
the one presented in the works of Diehl and Cook10 and
Querlioz et al.11 It utilizes leaky-integrate-and-fire (LIF)
neurons, spike-timing-dependent plasticity (STDP), lateral
inhibition, and intrinsic plasticity. We particularly focus on the
synapse controlled by the STDP, which is the archetypal
learning rule in unsupervised systems.12 A schematic
description of the working principle of the STDP learning
rule is depicted in Figure 1.

Memristor-based SNNs hold immense potential for neuro-
morphic computing, yet several hurdles remain before
achieving a functional prototype. SNNs employ distinct
learning algorithms compared to traditional ANNs, requiring
adaptation to accommodate the nonlinear and stochastic
nature of memristors.13−15 In this context, it is necessary to
revisit some characteristics of the devices to make sure they are
thoroughly compatible with the new learning rule paradigm
(e.g., we are no longer targeting control of the conductance
with the accumulation of identical pulses, like most STDP
works aim at MAC operations,16−19 but a truly analog control
with a single pulse). For this, we experimentally demonstrate
that the fabricated synapses can be utilized in such networks
and simulate the networks with the device characteristics. We
have chosen to work with devices comprised of memristors of
the low-bandwidth manganites Gd0.3Ca0.7MnO3 (GCMO),
which have shown promising results20 as they exhibit good
reproducibility,21 are highly rectifying, forming-less, and
compliance-free,22 all key features for the realization of
neuromorphic circuits.23−25 The integration of these types of
devices into an unsupervised SNN framework brings us closer
to realizing brain-inspired computing systems with enhanced
efficiency, adaptability, and bioplausibility. Through simula-
tions, we shed light on the potential implications and
applications of our findings, fostering a deeper understanding
of the intricate interplay among materials, neural dynamics,
and learning paradigms in the pursuit of cognitive computing.

■ EXPERIMENTAL SECTION
Samples. The synapses are memristor-based devices that consist

of Al/Gd0.3Ca0.7MnO3/Au heterojunctions. We have chosen to utilize
an asymmetric configuration of electrodes to ensure that only one
interface is active, which creates a rectifying behavior while increasing
the reliability of the devices.20 The GCMO thin films were deposited
on 5 × 5 × 0.5 mm3 (100) SrTiO3 (Crystal GmbH) substrates.
Deposition was done with pulsed laser deposition using XeCl laser
that has a wavelength of λ = 308 nm. The pulse duration was 28 ns
with repetition rate of 5 Hz. Laser fluence was 2 J/cm2, and the
pressure of the oxygen flow in the deposition chamber was 0.17 Torr.
A total of 1500 pulses were used to produce approximately 70 nm
thick films. Films were grown at a temperature of 700 °C with in situ
postannealing. The Au junctions were made by making Au electrodes
on the surface of the GCMO film by electron-beam physical vapor
deposition (e-beam). The Al junctions were formed by bonding the
Al wire directly to the surface of the GCMO with a TPT HB05
ultrasonic bonder. It is worth noting that it is not a requirement to
utilize wire-bonded electrodes, as similar results were obtained in
deposited Al electrodes; indicating that the functionalities explored in
this work are based on intrinsic properties of the GCMO/Al interface.
Furthermore, we are working on optimizations to the fabrication
process to avoid utilizing wire-bonded electrodes, as they are
detrimental toward scaling efforts. We have chosen to work with
planar junctions instead of the more common capacitor-like structure
to avoid any effect of the bottom electrode in the crystal structure of
the GCMO, as it is known that a change in the crystal properties has a
strong effect in the memristive response in manganite-based devices.
In our particular case, we have previously reported that for thicknesses
over 70 nm,26 the bulk GCMO has a metallic-like conduction with a
relative low conductivity (10−2 Ω·cm). Given that we also tested
devices with both Au electrodes, they did not show any signs of
memristive effects, and the Au/GCMO/Al device resistance is on the
order of 106 Ω, we can assert that only a small region near the
GCMO/Al contributes to the memristive effects. Details about the
physical conduction mechanism and device fabrication can be found
in our previous works.20,27,28

STDP Measurements. STDP is a biological process where neural
connections are made stronger or weaker depending on the firing
order of input and output signals of a neuron. If the input to the
neuron, so-called pre-spike, fires just before the neurons output, post-
spike, the connection is made stronger. On the other hand, if the post-
spike fires before the pre-spike, then the connection becomes
weaker.29 It is the most common learning functionality utilized in
unsupervised learning schemes with spike-based neural networks,30

for which it is compulsory to have good STDP to obtain a hardware
realization of such networks.
The STDP measurements were performed utilizing a dedicated

memristor characterization platform, ArCOne.31 This tool allows
iteration through different sum spikes depending on the time between
pre- and post-spikes Δt. It starts from Δt = 0 and continues to larger
absolute values while polarity is switched every other pulse to ensure
there is no drift or accumulation effect. Therefore, the largest changes
to the sample’s conductance happen in the beginning of the
measurement. The result of the measurement is a series of dG

G0
values

as a function of Δt, where dG
G0

is the relative change of conductance

compared to the initial conductance, Δt is the time difference
between the pre- and post-pulses (Figure 1). As the change in
conductance upon pulsing depends on the value of conductance,32 a
great effort was taken in starting each measurement in the same value
of G0. We compared two different pulse shapes, rectangular−
exponential (RE) and exponential−exponential (EE), which are
schematized in Figure 1. The EE shape was chosen because it
demonstrated great STDP stability in a novel insulator-to-metal
transition field-effect transistor.33 RE was selected as comparison, as it
showed promising results in a study of different pulse shapes in
ferroelectric memristors.34

Figure 1. (a) Schematic example of a STDP measurement result.
Positive Δt means that pre-pulse comes to the synapse before post-
pulse, therefore increasing the conductivity. We call this blue side
“pre”. On the other hand, negative Δt means that pre-pulse comes
after the post-pulse and the conductivity decreases. We call this red
side “post”. Apre is the maximum relative conductance increase, and
τpost is the width of Δt where conductance decreases. (b) Two studied
pulse shapes: RE and EE. The red and green pulses show pre- and
post-pulses separately, whereas blue pulse is the combined pulse of
these two. When pre- and post-pulses are close to each other, the
amplitude of their combined pulse goes above the threshold voltage
and therefore changes the resistance of the device.
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Spiking Neural Network Structure. To benchmark the GCMO
synapses, we simulate the training and testing of multiple
unsupervised SNNs to recognize handwritten digits from the
MNIST database.35 For this, we utilized a network architecture
similar to other biologically plausible designs reported before,10,11 but
slightly modified to run in the newer versions of the Brian2 library.36

Brian2 is a simulator for biological SNNs, which does not have any
learning incorporated. Therefore, for the proper utilization, it is
necessary to include the neuron interconnections and learning rules.
We selected this setting over the more commonly employed one in
machine learning to underscore the robustness of the outcomes and
their biological plausibility. This approach paves the way for the
development of innovative network architectures, allowing the
creation of biohybrid systems in which electronic devices can
potentially assist in restoring connectivity deficits in biological
neurons.

■ RESULTS AND DISCUSSION
Device Characteristics. A schematic representation of the

devices is presented in the inset of Figure 2a. Devices were
designed with an asymmetric choice of electrodes. This
electrode asymmetry creates a high rectification property,
which grants them the capability to perform as rectifiers and
voltage-controlled switches, making them indispensable in
radiofrequency applications and beyond. As we contemplate
the prospects of upscaling memristor technology, the presence
of resistance in both low and high states becomes a key factor,
as it offers opportunities to design more robust and versatile
circuits by lowering the sneak path currents and acting as
selector devices. In this configuration, we have one inert
electrode which forms an ohmic junction, the GCMO (Au),
and an active one (Al), where a small layer of AlOx (in blue)
and oxygen-deficient GCMO (in red) are formed due to the
difference in work functions between the materials. This

intermediate oxide layer formation has been reported in other
Manganite-based devices and even introduced on purpose to
stabilize the memristive effect.37−39 The difference in the work
function induces charge migration and oxygen vacancies within
the GCMO, creating a localized region with altered electronic
properties. This oxygen-deficient GCMO region, marked in
red, becomes the dynamic core of the memristor. The
switching mechanism in this configuration can be attributed
to the drift and diffusion of oxygen vacancies within the active
region. When an external voltage is applied across the
memristor, it induces the migration of oxygen vacancies,
causing a reversible change in the resistance state. This
migration of oxygen vacancies results in the alteration of the
local conductive path, thereby switching the memristor
between its high and low resistance states.
The presence of the AlOx layer further modulates the

resistance switching mechanism by serving as a barrier that
controls the flow of oxygen vacancies, thus influencing the
switching dynamics. This engineered heterostructure design,
with its active and inert components, enables precise control
over the memristive behavior and represents a promising
avenue for achieving single pulse switching events, which are
necessary if STDP is to be implemented in SNNs.
To characterize the devices, we performed systematic

measurements and characterized the “dynamical” and “rem-
nant” resistive states (seen in Figure 2a,b, respectively) to gain
insights into the hysteresis phenomena and design appropriate
pulsing protocols to control the devices. To utilize our
memristor devices as STDP synapses, it is necessary to obtain a
good analog control with single pulses of varying amplitude
and width. However, the first thing that is needed is a
threshold behavior, where devices can be read without
disturbing the memory state.

Figure 2. (a) Resistive switching in IV-loops of GCMO. We show measurements for 28 consecutive sweeps in lighter color, while the average loop
is drawn in a darker color. Inset: schematic image of the device. The blue layer represents the formed AlOx layer, and the red layer represents the
oxygen-deficient GCMO. This is the active interface, where the resistive switching happens. (b) Resistive switching hysteresis loop measured for
the same 28 loops as (a); the light gray curves are the raw measurements, while the orange one is the average loop. (c) Contour plot for the
resistance change ratio as a function of pulse, width, and amplitude.
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The threshold behavior is an important requirement that it is
often overlooked and can influence the accuracy of the system
over long periods of time. To probe the behavior of our
devices, we performed resistive switching hysteresis loop,
where we measured the remnant state with a read voltage of
450 mV after the application of a single writing pulse in a
looped fashion (0 → Vmax → Vmin → 0), with logarithmic
amplitude progression and a pulse duration of 100 ms. The
results are presented in Figure 2b. As designed, the devices
have a bipolar behavior with highly asymmetric threshold
voltages: (−0.12 ± 0.02) V and (0.45 ± 0.05) V for the set and
reset processes, respectively. The resistance values obtained for
the high and low resistance states can be tuned with great
flexibility depending on the pulsing protocol.28 This allows us
good analog control of conducting states without many device-
to-device or cycle-to-cycle variations.
Since the STDP will depend on the timings as well as

amplitude, we performed a response map of the devices in
programming pulse width and voltage amplitude (results
shown in Figure 2c). The control of the conductance states
was repeatable, and both high and low states can be controlled
individually or both of them simultaneously. These results
were used to construct the functional pulsing shape forms that
STDP is based upon.
Synaptic Behavior. All the results of the STDP experi-

ments are summarized in Figure 3a, where the relative change
of the conductance is plotted as a function of the time
difference between the pre-spike and post-spike pulses Δt. The

GCMO-based devices show clear synaptic behavior in the
voltage scale range of 0.9−1.6 V for EE pulse and 1.0−1.7 V
for RE pulse. The STDP curve shapes in our results are very
similar to the ones measured from the rat hippocampus and
reported by Bi and Poo,40 which further supports the
biocompatibility of the synaptic capabilities of our devices.
Three examples of measurement results with different applied
voltages are presented; for lower voltages, there is no
conductance change, as expected. The measurement data of
the amplitudes that showed a change in the conductance was
fitted using a two part function

W t
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G
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0
= is the synaptic weight used in the simulated

SNN, Apre and Apost are the maximal relative change in
conductance for the pre- and post-sides, Δt is the time between
pre-spike and post-spike pulses, and τpre and τpost are the widths
of the STDP spikes for both sides. We have chosen W to
quantify the synaptic weight change instead of the conductance
so that our SNN code is compatible with Diehl and Cook,
although for fully hardware-based applications, utilizing the
conductance will be a preferable choice for the synaptic weight.
An example of the fit is also included in Figure 3a for a voltage
amplitude of V = 1.5 V. We found that the ratio of Apost and
Apre showed a conductance change with a small negative slope

Figure 3. (a) STDP measurement curves for EE-pulsed devices with different voltage amplitudes. The shape of the STDP curve is clearly visible
with a similar shape to the representative STDP curve depicted in Figure 1. However, a voltage scale of 0.8 shows no synaptic behavior as the pulses
do not reach the threshold. (b) Ratio between Apre and Apost as well as τpost and τpre parameters from the EE-pulsed devices.

Figure 4. (a) Accuracy percentage of all the trained SNNs for both pulse protocols with respect to the voltage scale parameter. Red symbols are the
ones where the synapses were pulsed with EE pulses and the blue symbols represent the RE-pulsed systems. (b) Confusion matrix of a SNN, whose
synapses were based on a device pulsed with EE pulses at a voltage scale of 1.1. Rows are the inputted digits and columns are the digits the network
inferred. Darker shade means it has been the output more often. For example, the digit “1” has been the most often correctly recognized digit,
whereas the digit “4” tends to be mixed with the digit “9”.
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with respect to applied voltage, meaning that the system
responds more asymmetrically with larger input voltages. On
the other hand, the ratio between τpost and τpre remained
constant for all voltages that showed a conductance change.
Optimization of Synaptic Properties. In both pulsing

protocols, there is a rough relation between Vpulse and the
absolute values of Apre and Apost. This is expected, as larger
voltage spikes should change the resistance of the device more
dramatically. Similar to what was observed in biological
synapses,40 our devices present an asymmetry between pre-
and post-conditions. In Figure 3b, we show the ratio between
Apost and Apre as well as τpost and τpre. The devices present a
ratio of Apost and Apre for both EE and RE pulsing protocols
with parameters close to 0.5, which according to the
simulations is a requirement for good accuracy in digit
recognition. On the other hand, both pulsing protocols show a
ratio between τpost and τpre closer to 0.75, which is constant for
all applied voltages.
From the accuracy results of the simulations, we found that

both the voltage scale and the ratio Apost/Apre are related to the
resulting accuracy, while τpost and τpre are not. While τ are
related with the pulsed width, it is worth mentioning that the
actual pulsed width on the STDP measurements depends on
the value of Δt and thus is not constant while obtaining the
curve in Figure 3a. Given the relationship between pulse width
and amplitude (Figure 2c), it is to be expected that the effect
of τ will be negligible compared to the amplitude.
When looking at Figures 4a and 3b, it can be seen that both

pulsing protocols show that devices that have larger ratio tend
to have more accurate results. It seems like the network
benefits from synapses that are more sensitive to weakening
the connections rather than strengthening them. All of the
accuracy results of the simulated neural networks are
represented with respect to the applied voltage for both
pulse shapes in Figure 4a. The best accuracies were achieved
with a voltage amplitude of 1.0 for EE-pulsed synapses. The
network trained with these synapses reached an accuracy of
90.52%. For RE-pulsed synapses, the best accuracy of 90.71%
was reached with Vpulse = 1.1. There is no clear relation
between Vscale and the accuracy of the network. However, with
both pulses, the best result was achieved with relatively low
pulse voltages. This is an encouraging result as it is better to
use as low voltages as possible to make the devices last longer
and use less energy. An example of how well a single network
recognizes handwritten digits is shown as a confusion matrix in
Figure 4b. In this matrix, we can see that the network predicts
the digits quite well. The small number of incorrect
classifications arises from mixing digits 3 and 8 with each
other and also 4 and 9, which have similar shapes.
Even though the best accuracy was reached with the RE-

shaped pulse, we incline to believe that the EE pulse is an
optimal pulse shape. This is because the EE pulse was only
45% of the width of the RE pulse, which means that the EE
pulse uses less energy than the RE pulse. This would be the
case even if the width would be identical as shown in.34 The
results for EE-pulsed synapses are very similar to the ones of
RE-pulsed synapses, so the energy difference will be the
deciding factor. The differences between the best results of RE-
pulsed and EE-pulsed synapses are minimal, and the overall
results are similar to each other.

■ CONCLUSIONS
We investigated the synaptic characteristics of GCMO-based
memristors with asymmetric electrodes. By choosing the
appropriate pulse shapes, voltages, and timings, we have
demonstrated that we can control the conductance of the
devices in an analog matter with a single driving pulse. We
utilized this information to create a pulsing scheme that allows
us to utilize these devices as artificial synapses in simulated
biologically plausible unsupervised neural networks. We found
the optimal voltage scale and demonstrated the desired
functionality for two different pulse shapes: RE and EE
pulsing protocols. The simulation results show that the
GCMO-based synapses work really well, and with further
developments in the fabrication process toward scaling and Si
integration, these devices could pave the way for real-world
memristor-based SNN circuits.
It has been envisioned that unsupervised learning is

necessary for the proper high-level performance of neuro-
morphic systems, and our artificial STDP synapse can
contribute to unsupervised learning with lower energy
consumption. Therefore, we believe that our GCMO-based
synapse is a promising innovation for the present neuro-
morphic research.
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