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Despite impressive demonstrations of memristive behavior with
halide perovskites, no clear pathway for material and device
design exists for their applications in neuromorphic computing.
Present approaches are limited to single element structures,
fall behind in terms of switching reliability and scalability, and fail
to map out the analog programming window of such devices.
Here, we systematically design and evaluate robust pyridinium-
templated one-dimensional halide perovskites as crossbar mem-
ristive materials for artificial neural networks. We compare two
halide perovskite 1D inorganic lattices, namely (propyl)pyridinium
and (benzyl)pyridinium lead iodide. The absence of conjugated,
electron-rich substituents in PrPyr* prevents edge-to-face type
n-stacking, leading to enhanced electronic isolation of the
1D iodoplumbate chains in (PrPyr)[Pblz], and hence, superior
resistive switching performance compared to (BnzPyr)[Pbls]. We
report outstanding resistive switching behaviours in (PrPyr)[Pbls]
on the largest flexible crossbar implementation (16 x 16) to
date - on/off ratio (>10°), long term retention (10° s) and high
endurance (2000 cycles). Finally, we put forth a universal
approach to comprehensively map the analog programming win-
dow of halide perovskite memristive devices - a critical prerequi-
site for weighted synaptic connections in artificial neural
networks. This consequently facilitates the demonstration of
accurate handwritten digit recognition from the MNIST database
based on spike-timing-dependent plasticity of halide perovskite
memristive synapses.

Arindam Basu’ and Nripan Mathews

*ab

New concepts

In this work, we introduce a pioneering concept in materials science by
leveraging pyridinium-templated one-dimensional (1D) halide perovskites as
crossbar memristive materials for artificial neural networks. This novel
concept distinguishes itself in several crucial ways from existing research.
Most notably, we shift the focus from commonly studied three-dimensional
(3D) perovskite structures to 1D variants, which exhibit significantly improved
resistive switching performance with higher on-off ratios, enhanced endur-
ance, and superior retention characteristics. This emphasis on 1D halide
perovskites is a distinguishing feature, as is the innovative design involving
(propyl)pyridinium lead iodide, preventing edge-to-face m-stacking
interactions and thereby leading to superior performance compared to
(benzyl)pyridinium lead iodide perovskites. Furthermore, the scalability of
this concept is demonstrated by building the largest known dot-point and
crossbar halide perovskite memristive arrays, comprising 50000 devices
across a substantial area. In addition, our work transcends conventional
materials science boundaries and delves into the practical application of these
advanced 1D halide perovskite memristors in the domain of neuromorphic
computing, exploring spike-timing-dependent plasticity (STDP) learning rules
for spiking neural networks (SNN). This multifaceted approach sets our
research apart by offering valuable insights into both materials design and
realworld computing applications, thereby advancing the field and
highlighting the transformative potential of our findings.

Introduction

With the increasing computing demands of big data applica-
tions, traditional von Neumann hardware architectures are
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continuously challenged by the need to constantly shuttle data
between the separate processor and memory units. This bottle-
neck becomes critical for data-centric applications like artificial
intelligence (AI) and machine learning (ML), and with the near
end of Moore’s and Dennard’s scaling laws, entails new
approaches in material, device, architecture and algorithm
design to address these novel computing demands."* Charac-
terized by its massively parallel structure interconnecting neurons
(computing elements) and synapses (adaptive memory elements),
the human brain suggests a non-von Neumann hardware archi-
tecture to efficiently handle unstructured data. Inspired by this,
neuromorphic electronics — an approach in which devices and
circuits mimic the computational elements and signal processing
of the human brain, promises to significantly improve the effi-
ciency of artificial neural networks (ANNs) by in-memory
computing.®* Efficient training and inference of such ANNs rely
on the fine modulation of weighted synaptic connections between
neuron layers governed by asynchronous spike-based local learning
rules such as spike-timing-dependent plasticity (STDP)’ or/and
synchronous time-stepped backpropagation algorithms.®
Memristor crossbars configured as weighted synaptic con-
nections promise to significantly improve the training and
inference of such ANNs in terms of power and speed, compared
to conventional graphics processing units (GPUs) for tasks such
as image classification and natural language processing.”®
Although several excellent works have emerged for inorganic
memristive devices (mainly metal oxides) by leveraging their
nanoscale scalability, stability and reliability,” many implemen-
tations are found wanting with respect to their high energy
consumption, unpredictable conductive filaments and diffu-
sion pathways, and unavoidable electroforming processes.'® >
Increasing attention has therefore been given to exploring
potential organic materials (e.g. small molecules, polymers,
graphene oxide and halide perovskites) due to their unique
control of ionic processes, mechanical flexibility, and facile and
low cost processability.">'* Despite the impressive progress
already demonstrated in this regard, there are still some
intrinsic drawbacks including dissatisfactory environmental
stability, irreproducible switching behavior and lack of under-
standing of the switching mechanisms.’>'® From the neuro-
morphic circuitry perspective, the switching requirements of
memristive devices demand multiple conductance states, non-
abrupt switching transitions, wide dynamic range and low write
718 This differs from the requirements of conventional
memory storage technology, where a digital logic with high on-
off ratio and switching speeds are given primary importance.’
Most investigations on organic materials and devices limit their
analyses to the parameters of a conventional digital logic and
fail to map out the analog programming window - essential for
ANNs. From a demonstration point of view, investigations on
new organic memristive materials and device configurations
are often limited to single-element dot-array structures rather
than high-density crossbar architectures, again failing to meet
the bit precision and storage capacity required for efficient
training and inference of ANNs.>>*' Therefore, in order to
design new memristive switches as efficient weighted synaptic
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connections, there is a strong need to explore novel organic
active materials, gain insight into the underlying physical
mechanism, analyze their switching performance in a crossbar
configuration and evaluate their analog programming window.

With an intimately coupled ionic-electronic conduction and
a highly tunable compositional landscape, halide perovskites
(HPs) possessing exotic optoelectronic properties such as
switchable majority carrier concentration, slow photocurrent
decay and above bandgap photo-voltages have been very
recently evaluated as promising candidates for the next gen-
eration of memristive devices.”>>® The co-existence of ionic
motion and electronic conduction®” results in a modulatable
hysteretic operation, which could be tuned on demand to meet
the analog switching requirements of weighted synapses in an
ANN.?® Additionally, their facile solution-based low-tem-
perature fabrication would facilitate large-scale realization of
dense crossbar arrays at a low-cost.

However, as previously denoted, most of the current HP-based
memristive implementations are limited to single-element
dot-array structures, and do not sufficiently address the device
architecture, scaling and algorithmic aspects, essential to rea-
lize large-scale ANNs in hardware. Additionally, most of the
investigations rely on three-dimensional (3D) perovskites opti-
mized for photovoltaics and often overlook the more resistive
lower dimensional perovskites.”® Specifically from a device
configuration perspective, most HP memristors are built with
a metal electrode (e.g. Ag) in direct contact with the active
perovskite switching matrix. This results in unavoidable metal-
HP electrochemical reactions, often limiting the device relia-
bility and endurance.**** Also, most devices require a forming
step to initiate a stable switching behaviour that results in
undesirable power- and time-consuming steps to address the
non-volatile states online during training and inference.
Finally, from the neuromorphic circuitry perspective, current
HP memristor investigations fail to map out the analog pro-
gramming window of these devices, crucial for ANNs.

In an attempt to solve the above mentioned issues, here we
design, fabricate, and systematically evaluate one-dimensional
(1D) HP crossbar memristors as weighted synaptic connections
for neuromorphic computing. From a materials design per-
spective, we chose substituted pyridines as templating agents
for the formation of 1D structures owing to its relatively high
lying LUMO (lowest unoccupied-molecular orbital) relative to
the inorganic lattice valence band. This approach helps isolate
the 1D chain electronically (i.e. no interaction between the
organic and inorganic species). In addition, they are syntheti-
cally simple and versatile. We prepare two compositions of 1D
HPs with organic cations of different N-substituted functional-
ities, namely propylpyridinium lead iodide (PrPyr)Pbl; and
benzylpyridinium lead iodide (Bnz)Pbl; (Fig. 1). The high band
gap of the 1D inorganic lattices and electronic isolation of the
inorganic chains enables superior resistive switching perfor-
mance compared to 3D perovskites — lower off currents, higher
on-off ratio between the memresistance states, and ultra-low
power read and inference operations. From a device configu-
ration perspective, we adopt an Ag/PMMA/HP/PEDOT:PSS/ITO

This journal is © The Royal Society of Chemistry 2024
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Fig. 1 Comparative evaluation of 1D halide perovskites (PrPyr)[Pbls] and (BnzPyr)[Pbls]. Single crystal X-ray structures of 1D lead-iodide hybrids (A)
(PrPyn)[Pbls] and (B) (BnzPyr)[Pbls]. Grey, blue, and purple spheroids represent C, N, and | atoms, respectively, while the cyan octahedron represents the
[Pblg]~* coordination sphere. Insets show the molecular structures of PrPyr* and BnzPyr* cations. H atoms are omitted for clarity. Thermal ellipsoids are
shown at 50% probability. (C) Glancing angle X-ray diffraction (GAXRD) patterns, (D) UV-vis absorption spectra, and (E) /-V characteristics demonstrating
the resistive switching effect in three different perovskites, MAPbIs, (PrPyr)[Pbls] and (BnzPyr)[Pbls]. (F) Crystal structure of (BnzPyr)[Pbls] where the edge-
to-face type n-stacking interactions of aromatic cores are highlighted with dashed lines within the organic galleries. The square insets show a view down
the axis from the perspective of eclipsed aromatic cores (viewing direction is denoted by the black arrows, while the red arrows point to the C atoms

containing C—H “H-bond donor” functionalities).

structure with the active HP switching matrix sandwiched
between isolation layers (poly(methyl methacrylate) (PMMA)
and poly(3,4-ethylenedioxythiophene):polystyrene sulfonate
(PEDOT:PSS)) to avoid the undesirable electrochemical metal-
lization reactions with Ag, thereby improving the reliability,
endurance, and retention of the memristive states.

From a process engineering perspective, we follow a facile
solution-processable technique and fabricate large-scale dot-
array structures (~ 50 000 elements over 100 cm?) on both rigid
and flexible substrates to initially analyse and benchmark
conventional device parameters like set and reset, on-off ratio
and their distributions across several devices. We extend this

This journal is © The Royal Society of Chemistry 2024

further to fabricate the largest flexible HP memristor array to
date - a 16 x 16 crossbar architecture (Fig. 2), and rigorously
analyse the shelf-life and temperature stability of our devices.
Finally, from a neuromorphic computing perspective, to evalu-
ate their fit as weighted synaptic connections in an ANN, we
critically identify the digital and analog regimes in the switch-
ing characteristics of our devices, i.e. map the analog program-
ming window. We next optimize programming schemes to tap
on to the soft boundaries of conductance updates of the devices
to study neuronal features such as spike-timing-dependent-
plasticity (STDP) (Fig. 3). The applicability of the STDP learning
behaviour of 1D HP memristive synapses is further validated

Mater. Horiz., 2024, 11, 2643-2656 | 2645
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Fig. 2 Large-scale flexible PrPyrPbls dot-point memristor array. (A) Schematic of the device configuration: Ag/PMMA/PrPyrPbls/PEDOT:PSS/ITO.
(B) Cross-sectional SEM of the fabricated device. (C) Photograph of the large-area dot-point memristor array (~50000 elements over 100 cm?)
fabricated on a flexible PET substrate. Switching characteristics of flexible dot-point memristors: (D) representative DC [-V characteristics demonstrating
the resistive switching effect in our devices. The voltage sweeps were applied across the top Ag electrode with the bottom ITO electrode grounded. The
devices switched (set) seamlessly from their HRS to LRS at ~ +0.96 V when the voltage was swept from 0V — + 1.5V — 0 V. During set, a compliance
current of 1 mA was applied to prevent the device from hard breakdown. On reversing the polarity-0 V. - — 1.5V — 0V, the device reset back to its initial
HRS at ~—1.21V. The switching behavior remained consistent over the subsequent 100 sweeping cycles, reflecting the excellent stability of the switching
process. Test results of (E) AC endurance and (F) retention. (G) Cumulative probability distribution plot and (H) absolute resistance distribution plot of the
LRS (dark yellow) and HRS (olive) across 100 and 45 devices, respectively, and (I) -V resistive switching characteristics of the flexible HP memristors
under extreme bending conditions (tensile and compressive bending radius = 1.5 cm).

through a network level simulation where a spiking neural
network (SNN) with HP synapses is trained to classify hand-
written digits from the MNIST database (Fig. 4).

Results

Fig. 1A and B show the Xray crystallographic structures of
PrPyr[Pbl;] and BnzPry[Pbl;] along the “a” and “c” axis, respec-
tively. Glancing angle X-ray diffraction (GAXRD) patterns of the
thin films of the two 1D-compounds deposited on a glass sub-
strate, depict low angle peaks below 10° - typical characteristics of
low dimensional lead-halide materials (Fig. 1C). The crystallites in
both compounds tend to strongly orient along the (001) direction
over the substrate, resonating to other 1D hybrid systems such as

2646 | Mater. Horiz., 2024, 11, 2643-2656

ethyl viologen lead-iodide.>® Crystallographically, PrPyr[Pbl;]
and BnzPyr[Pbl;] were found to crystallize in the orthorhombic
centrosymmetric space group Pnma and monoclinic space group
P12,/m1, respectively (see SI Note-1 Table T1 for summary of the
crystallographic refinement data, ESIt). Due to its relatively bulky
structure, PrPyr’ and BnzPyr" are not capable of inducing a 3D
perovskite structure. In addition, albeit being a structural isomer
to the commonly used cation phenylethylammonium (PEA),
PrPyr* also does not template the formation of a 2D lead-iodide
perovskite network. Instead, both cations induce the formation of
anionic polymeric Pbl;~ chains resulting from the face-sharing
[Pbls] * octahedra, where each lead (Pb) atom is connected to six
iodine (I) atoms, with the octahedral geometry being more or
less distorted relative to the ideal lead-iodide octahedron (Note-1
Table T2, ESIt). Despite the potential existence of several C-H: - I

This journal is © The Royal Society of Chemistry 2024
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Fig. 3 Large-scale flexible PrPyrPbls crossbar memristor array. (A) Schematic of the flexible 16 x 16 crossbar memristor array Ag/PMMA/PrPyrPbls/
PEDOT:PSS/Ag-PET. Switching characteristics: (B) representative DC /-V characteristics. (C) Histograms of the resistance values for the memory cells in
the LRS (violet) and HRS (purple). (D) LRS and HRS distribution measured across 55 devices. (E) and (F) A basic illustration of the weight modulations that
occur across a pixelated array of memristors when employed as synapses in an ANN. The transition from HRS to LRS (set) represents the potentiation
phase, while the transition from LRS to HRS (reset) represents depression. To demonstrate the facile reconfigurability of the crossbar array, images of “N”,
“T" and "U" were first programmed onto the array using a voltage bias of +1.5 V to set (violet) the pixels corresponding to state-1, while —1.5 V bias was
next used to reset (purple) the pixels to state-0. The pixel resistances were read using +0.05 V.
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Fig. 4 Halide migration in PrPyrPbls: (A) migration pathway, dotted blue
lines show the vacancy migration and black dashed circles represent the
vacancies. (B) Energy barrier corresponding to the ion migration barrier.

interactions between the inorganic chains and PrPyr counter-
cation, the dominant force for 1D inorganic chain formation
appears to be coulombic interactions with the positively charged
pyridinium rings. This interaction is directed perpendicular to the
plane of the pyridinium rings and causes the cations to align
parallel to the inorganic chains. Such an arrangement discourages
the formation of a 2D iodoplumbate lattice and is likely the main
reason that a structure of lower dimensionality is obtained.
We propose that the 1D lead-iodide structure has advantages over
the 3D and 2D counterparts due to the enhanced electronic
confinement imparted to the inorganic lattice, which leads to
the localization of charge carriers in one direction. Such confine-
ment manifests not only in a higher band gap (Fig. 1D, Note-1
Fig. S1, ESIY), but also in sluggish charge carrier transport within
the material (i.e. more resistive) and as a result, desirable lower
electrical conductivity relative to the HPs of higher dimensionality
can be obtained.*"*®

To confirm the effect of dimensionality on the charge
transport properties of the materials in a memristive configu-
ration, we first compared the resistive switching performance
of the 1D perovskite compositions BnzPry[Pbl;] and PrPry[Pbl;]
with prototypical 3D MAPDI; as the control. We first applied our
perovskites in the typical configurations employed by previous
reports (direct contact with metal electrode); however, they
resulted in irreproducible and unfunctional devices varying
from batch to batch under our fabrication conditions. Therefore,
here we utilized a device configuration with the HP sandwiched
between polymeric isolation layers of PMMA and PEDOT:PSS.

2648 | Mater. Horiz., 2024, 11, 2643-2656
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MAPDI; exhibited poor resistive switching characteristics with
a high off current (5.7 pA) and a low on/off ratio of 107
while BnzPry[Pbl;] and PrPry[Pbl;] portrayed much higher
performances with lower off currents (640 nA and 3.6 nA) and
higher on/off ratio of 10° and ~10° respectively (Fig. 1E). The
improved memristive performance of the 1D HP compositions
reflects the direct consequence of lowering the electronic
dimensionality.

More interestingly, the stark enhancement of the memris-
tive performance of PrPry[Pbl;] with respect to BnzPry[Pbls;]
(Fig. 1E and SI Note-2 Fig. S2-S4, ESIt) points to additional
structural aspects that are as significant as the relative energy
level positions between the inorganic and organic components
within the materials. The observed contrast cannot be attributed
to the inorganic lattice framework because the two compounds
feature similar structural dimensionality and connectivity. Similar
UV-vis absorbance features were also observed from the two
compounds, with the main component being the excitonic
absorption of the 1D lead-iodide lattices, manifested as intense
bands at ca. 375 nm in the spectra (Fig. 1D).*® This suggests
that intermolecular charge transfer interaction, which is typi-
cally exhibited by compounds containing low-lying LUMO
organics, such as viologens or topylium,*”*® is absent in both
PrPyr[Pbl;] and BnzPyr[Pbl;]. Closer examination revealed that
the benzyl pyridinium cations in BnzPyr[Pbl;] exhibit edge-to-
face type m-stacking interactions when viewed down the struc-
ture’s “a” and “c” axis across the iodoplumbate 1D chains
(Fig. 1F). In particular, two edge-to-face type n-stacking inter-
actions were observed - one between the pyridinium cores, and
the other between the phenyl rings (see insets of Fig. 1F). This
n-n stacking, a significant contributor to the charge transport
of small molecules,**™** is not observed in the crystal structure
of PrPyr[Pbl;], explaining its superior memristive switching
performance. Thus, the difference in conductivity between
PrPyr[Pbl;] and BnzPyr[PbI;] could be attributed to mobility
differences caused by the structural conformations of the
aromatic benzyl-based cations that are not seen in the propyl-
counterparts. As such, our work demonstrates that the charge
transport of 1D perovskite can indeed be tuned as a function
of the molecular structure and molecular packing within
the organic galleries. To benchmark the properties of our HP
memristors with the existing literature, we first fabricate and
analyse dot-array structures of Ag/PMMA/PrPyrPbl;/PED-
OT:PSS/ITO on rigid glass substrates. A typical dot-point mem-
ristor device consists of a ~200 nm thick PrPyrPbl;
sandwiched between PMMA (20 nm) and PEDOT:PSS (50 nm)
layers with Ag (~100 nm thick, square 100 pm x 100 um) and
ITO (10 Q O as the top and bottom electrodes, respectively
(Fig. 2A). The PrPyrPbl; films were deposited using a single-step
solution-based method as detailed in the Note-1. Fig. 2B shows
the cross-sectional scanning electron microscopy (SEM) image
of a representative 1D-PrPyrPbl; memristor, with a compact
PrPyrPbl; layer well sandwiched between PMMA and PEDOT:
PSS. From atomic force microscopy (AFM) images, the film
surface was found to be smooth (rms roughness ~7.5 nm
(without PMMA) and ~2.0 nm (with PMMA), SI Note-2

This journal is © The Royal Society of Chemistry 2024
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Fig. S2, ESIt) and significantly lower than other reports (typi-
cally 50-110 nm),**** indicating the high quality of our
perovskite films.

Note-2 Fig. S3A (ESIT) shows the resistive switching opera-
tion of our devices(0V - +1.5V > 0V > — 1.5V — 0V, step
20 mvV). All the devices displayed a typical bipolar
resistive switching behavior, switching consistently between
its high resistance state (HRS) of 2.83 nA and low resistance
state of 0.8 mA under a compliance current (CC) of 1 mA for
over 50 sweeping cycles, reflecting the excellent stability of the
switching process. We next evaluate the endurance, retention,
and on-off ratio of the memresistance states to benchmark the
switching stability of our devices. A high on-off ratio would
ensure a high dynamic range, improved device reliability and
signal-to-noise ratio, while excellent endurance and retention
properties would ensure stable device operation and easy
access of the memresistance states.*>*® Note-2 Fig. S3B-D
(ESIT) depicts the endurance, retention characteristics and
cumulative probability distribution function of the set and
reset voltages of our devices programmed in the window
+1.5 V/—1.5 V, respectively. Endurance testing was performed
in the alternating current (AC) mode with write voltage pulses
applied to the top electrode (Vg 1.2 V/10 ms and Vieset
—1.5 V/10 ms), followed by read pulses (Vieaq = 0.1 V) (Note-2
Fig. S3B, ESIY). A reading voltage of 0.1 V was chosen in order to
avoid unintentional switching of the memory devices during
the measurements. The devices maintained a high on-off ratio
of >10> over both DC sweeping and pulsed AC cycles and
exhibited a long retention time of ~10*s (Note-2 Fig. S3C,
ESIt), reiterating the stability of the switching process. The
average set and reset voltages in our study were +0.9 and —1.0 V
respectively, measured over 100 devices with a narrow distribu-
tion (Note-2 Fig. S3D, ESIt). This corresponded to average
electric fields of 5.6 MV m™* and —6.25 MV m ™" required for
the set and reset processes respectively. The low-voltage opera-
tion allows facile programming of the conductance states at
ultra-low power, paving the way for power-efficient training and
inference of ANNs. In comparison to 3D HP samples prepared
parallelly (methylammonium lead iodide (CH3;NH3Pbl;)), our
1D PrPyrPbI; HP in general provides a more robust resistive
switching behaviour due to the reduced probabilities of ion
migration pathways,*”*® enabling higher endurance and reten-
tion. In comparison to the lower on-off ratios and unstable
switching characteristics depicted by (BnzPyr)[Pbl;] (Note-2
Fig. S4, ESIf), (PrPyr)[Pbl;] portrays outstanding resistive
switching performance. Hence, we focus our efforts realizing
crossbar memristors and artificial synapses with (PrPyr)[Pbl;]
as the active switching matrix as detailed below.

With the emergence of wearable or disposable electronics,
there is a growing demand for realizing memory arrays on
various flexible substrates. The low temperature processing of
our 1D PrPyrPbl; HP thin film and robustness of its memristive
switching characteristics allows us to facilely translate this
technology onto a flexible platform (Fig. 2C and Note-3
Fig. S5, ESIT). Harnessing this to our advantage, we fabricate
the largest flexible HP memristor array to date to the best of our
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knowledge (~50 000 elements over 100 cm?®) and systematically
characterize hundreds of devices. The devices switched seam-
lessly between its HRS (3.45 nA) and LRS (0.37 mA) in a manner
very similar to the devices on rigid substrates without compro-
mising the excellent on-off ratio, retention and endurance,
as depicted in Fig. 2D-H. The average set and reset voltages
were distributed around mean values of +0.96 V and —1.21 V,
respectively, with a narrow distribution measured over 100 devices.
Interestingly, our devices display a forming-free operation in
contrast to the state-of-the-art reports on HP memristors.**>°
Absence of the forming process helps to overcome undesirable
power- and time-consuming steps to address the non-volatile
states, thereby increasing the efficiency of the ANNs during
training and inference.’® To further highlight the areal unifor-
mity of our process, we characterized multiple devices across
randomly selected locations, as shown in Note-3 Fig. S5 (ESIT).
The resistive switching behavior was observed to be highly
consistent and reproducible preserving an excellent on-off ratio,
retention and endurance. In short, the devices depicted excellent
and reproducible switching characteristics with an on-off
ratio of 10°, endurance = 2000 cycles and retention of 10° s.
To evaluate the mechanical stability of our flexible memristors,
the DC I-V sweeping curves were analyzed in the bent state with
a compressive and tensile bending radius of 1.5 cm. The switch-
ing characteristics remained robust to mechanical torsion
(Fig. 2I). All these features represent a significant advance over
previous reports where the switching performance greatly dete-
riorated on flexible substrates,>>> highlighting the robustness
of our 1D HP memristors. In addition, our perovskite memory
devices can switch at a set voltage (1.25 V) with a pulse width of
100 ns (Note-3 Fig. S6 a&b, ESIt) and reset voltage (2.5 V) with a
pulse width of 130 ns (Note-3 Fig. S6 c&d, ESIt). We calculated
the write energy consumption as follows- Energy consumption/
unit area = (1.25 V x 1.1 mA x 100 ns)/10* pm?® yielding an
impressive value of 14 fJ pm 2.

As mentioned previously, most of the current HP memristive
implementations are based on single-element dot-array struc-
tures, ignoring the equally important scaling aspect, which is
essential to realize large-scale ANNs in hardware. While the
large-area dot point structures presented above establish a
significant advance, practical neuromorphic arrays demand
dense arrays of memristors in a cross-point configuration
capable of accelerating multiply-and-accumulate operations in
parallel leveraging Ohm’s and Kirchhoff’s circuit laws for
energy-efficient computations. To address this, we fabricated
a 16 x 16 crossbar of HP memristors on a polyethylene
terephthalate (PET) substrate, as shown in Fig. 3A. In this
configuration, Ag was used as both the top and bottom electro-
des, crossing perpendicularly as bit and word lines, respectively.
Detailed analyses of the crossbar cells once again indicated
excellent forming-free bipolar resistive switching memory char-
acteristics, similar to the dot point structures (Fig. 3B-D and
Note-4 Fig. S7, Table T3, ESIt). The histogram plot of the
resistance values of the LRS and HRS, reflected well-defined
binary states with an excellent on-off ratio of ~10*-10°, mea-
sured across 55 devices. This again represents a significant
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advance over the seminal HP crossbar memristor report™ where
the switching performance deteriorated on a crossbar configu-
ration, reemphasizing the robustness of our 1D HP memristor.
Moreover, the device to device variations were small and
the yield of high-performance devices (defined as those with
an on-off ratio > 10°) was high (90%). Finally, to demonstrate
the facile reconfigurability of the crossbar array, images of “N”’,
“T” and “U” were next programmed onto the array, as shown in
Fig. 3E and F. A voltage bias of +1.5 V was used to first set the
pixels corresponding to the image ‘“N” to state-1. The pixel
resistances were then read using +0.05 V. Next, a —1.5 V bias
was used to reset the pixels to state-0. Similarly, new patterns
corresponding to “T”” and “U” were programmed into the same
array after completely erasing the history of “N”. These opera-
tions rudimentarily represent the mathematical strengthening
and weakening of weighted connections between the neuronal
layers in an ANN for image recognition/classification and serves
as a preliminary judgement for realizing more complicated
architectures in future.

Moreover, the sneak path issue in crossbar arrays without
selector® diodes®® and transistors®” can be a significant chal-
lenge. Sneak paths occur when unselected devices that share
one electrode with the selected device experience half of the
bias, leading to unintended current flow and potential errors in
the array operation. It is acknowledged that our perovskite
crossbar would benefit from the incorporation of a selector
device *°. Monolithically integrating a selector on top of the
crossbar presents challenges, but in future, a bottom-up
approach for integration could be feasible due to the low-
temperature processing of perovskite crossbar devices.

Furthermore, in order to understand the experimental
observations of outstanding resistive switching behaviours for
neuromorphic computing, we have performed electronic struc-
ture calculations of 1D iodoplumbate chains in (PrPyr)[Pbl;],
within the framework of the density functional theory (DFT)
formalism to determine the halide ion migration, while com-
paring it with the conventional 3D hybrid perovskite MAPDI;.

In order to find the iodine migration, we have performed a
series of systematic transition pathway calculations based on
the nudged elastic band (NEB) formalism. For such transition
pathway prediction corresponding to iodine migration, we have
considered a number of possible energy configurations having
different initial and final points, while Fig. 4a depicts the ion
migration corresponding to the minimum most energy configu-
ration, which consists of five intermediate images between the
initial and final points in (PrPyr)[Pbl;]. The energy barrier
corresponding to the ion migration barrier in the PrPyrPbl;
perovskite system is 0.39 eV, as shown in Fig. 4b. Our theore-
tical finding of the activation energy barrier is in good agree-
ment with the experimental observation, as we found that the
activation energy for iodine migration is larger than that in
MAPDI; having a barrier of 0.29 eV in the earlier reports.”®>°
There is another report on the ion migration in 3D MAPbI;,
performing similar DFT calculations like ours, which demon-
strates the value as 0.16 eV.>” Considering both the reported
results, our halide migration has emerged as slower with a
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higher activation energy barrier. These reduced probabilities of
ion migration pathways in PrPyrPbl; as compared to 3D
MAPDI; suggest better performance in any memristor device
with improved resistive switching performance having higher
on-off ratio, endurance and retention characteristics as found
in experimental observations.

To effectively develop software algorithms to run memristive
ANNS, it is necessary to map the window of analog program-
mability and understand the conductance update under differ-
ent programming conditions. Bound conductance values and
state-dependent modulation are key factors influencing the
neural network’s storage capacity and efficiency, but are often
overlooked. As a final evaluation of the switching requirements
of weighted connections in an ANN (Fig. 5A), we analyze the
analog programming window of PrPyrPbl; memristors. Ideally,
to account for the large number of weight update operations in
an ANN training algorithm like backpropagation, memristors
deployed as synaptic connections between neuron layers must
be able to store multiple bits of information across continu-
ously distributed conductance states with non-abrupt/analog
state transitions. However, most memristive implementations
depict a binary switching logic, limiting their plasticity and
storage capacity, and adversely affecting the trainability of an
ANN. Although our HP memristors also depict a binary logic
and abrupt switching transitions in the DC sweeping cycles, the
close coupling between ionic motion and electronic conduction
allows for intermediate resistance states to form, allowing a
higher margin to access intermediate resistance states in
the pulsed/AC mode and enabling good control over the digital
and analog switching regimes. Hence utilizing pulsed voltage
schemes, we first map the soft boundaries for weight updates,
a.k.a. analog programming window, in our devices.

To evaluate the soft bounded nature of the cumulative
conductance change, i.e., to map the voltage window where
PrPyrPbl; would allow non-abrupt synaptic update operations,
absolute weights were programmed to a common initial
conductance and weight traces produced by sequences of 300
identical pulses were recorded as a function of the number of
pulses. Input pulses of amplitude +0.5 V to +1.2 V were used to
map the weight updates during potentiation, while —0.4 V to
—1.7 V mapped the depression window. The weight update
traces evolved from a region of no substantial conductance/
weight change to regions of gradual/analog and then to the
abrupt/digital switching regime (from dark to clear color tones),
as illustrated in Fig. 5B and C. The regions of no, analog and
digital switching were distinguished based on the definition of
on-off ratio as <1, 1-100 and >100, respectively. Based on
these definitions, the analog programming windows of poten-
tiation and depression were estimated to be between +1.0 to
+1.2 Vand —0.4 to —1.5 V respectively. Input voltages below this
window did not produce any stable non-volatile conductance
change, while voltages above this window resulted in abrupt/
digital switching, reflecting the limited window for truly analog
weight updates (Note-5 SI Fig. S8, ESIt), ideal for ANNs.

Plots of conductance ratios (Gmax/Gmin) as a function of
the pulse programming parameters (amplitude and number
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of repetitions) exposed further insights into the analog pro-
gramming window (Fig. 5D and E). The first vertical dashed line
represents the switching threshold for non-volatile changes,
while the second dashed line demarcates the soft boundary for
analog weight updates. This window denotes the operational
region where weight changes are incremental and non-abrupt,
ideal for ANNs. The voltage-time (pulse number) relation
revealed a steeper slope in the potentiation phase, indicating
more abrupt switching kinetics of the potentiation process
when compared to depression. This reflected the difference in
switching kinetics for potentiation and depression, and indi-
cated a larger window of analog programmability for depression
when compared to potentiation. This suggests a state-dependent
weight updatability modulation in such memristive devices,
often overlooked in most investigations, and provides a sound
guideline to tap onto this region from an algorithm perspective.
After mapping our memristor’s soft boundaries of analog
programmability, we next benchmark our systems against the
most widely used plasticity law in spiking neural networks,
namely spike-timing-dependent-plasticity (STDP). Long-term
plasticity refers to the brain’s ability to restructure its connec-
tions. Analogously, ANNs determine their connection strength
using gradient descent during training, calculated via back-
propagation, which could be compared to contrastive Hebbian
long-term plasticity.®® Here, the 2 sub-components of long-term
plasticity, namely potentiation (LTP) and depression (LTD),
were first studied by applying consecutive pre-synaptic training
pulses (+1 V for LTP and —1 V for LTD, pulse width = 10 ms) at
the top electrode. Weight changes were studied as a function of
the number of pulses as shown in Note-6 Fig. S12A (ESIY)
and were observed to follow a non-linear model in agreement
with Fig. 5B and C. While these represent the mathematical
weight update operations, temporal correlations in spiking
neural networks are often embedded into the system via STDP
rules.’” A refinement of Hebb’s theory, STDP is regarded as
the first law of synaptic plasticity, forms the foundation of
associative learning and is a figure-of-merit of plasticity for
unsupervised learning.®”> To characterize this plasticity rule,
spike patterns corresponding to Note-6 Fig. S12B (ESI{) were
applied to the pre- and post-synaptic terminals as indicated,
and the change in conductance (weight) was recorded as a
function of the pulse interval between pre- and postsynaptic
spikes as detailed in the ESI.¥ Temporal correlations between
the pre- and postsynaptic spikes created voltage-dependent
changes in conductance/weight, establishing an asymmetric
Hebbian STDP rule (Fig. 5A) as detailed in Note-5 (ESIt).
Formation of conductive filaments via electrochemical
metallization reactions and valence change mechanisms due
to the anion vacancies are often identified as the underlying
principles for resistive switching in HP memristors.®® While the
former dominates in configurations where an active metal like
Ag or Cu is in direct contact with the HP, the latter is observed
in most configurations due to the low activation energy for ion
migration. Nevertheless, most current implementations use a
reactive metal electrode (e.g. Ag/Al/Cu) in direct contact with the
active perovskite switching matrix, leading to unavoidable
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metal-HP electrochemical reactions, often limiting the device
reliability and endurance.®*®® More critically, this leads to
multiple competing resistive switching phenomena existing
in the same device, namely electrochemical metallization (con-
ductive filament formation via metal-HP reaction) and valence
change mechanisms (widely attributed to migration of halide
vacancies), resulting in unreliable and irreproducible switching
transitions, detrimental to the training and inference of ANNs.
Such deleterious metal-HP electrochemical reactions, even with
inert metals like gold, have been widely observed and critically
judged in the perovskite photovoltaic community using various
spectroscopic and microscopic investigations. The sandwich
device configuration we adopt, Ag/PMMA/HP/PEDOT:PSS/ITO
with the PMMA and PEDOT:PSS layers protecting the active
HP, enables us to eliminate such undesirable electrochemical
reactions. To account for the memristive behaviour in our
devices, we analyse the logarithmic I-V characteristics as a first
judgement of the underlying switching mechanism, as shown
in Fig. 5F. As shown, the HRS and LRS depicted different
behaviours, corresponding to space-charge-limited conduction
(SCLC) and ohmic conduction, respectively. Before the set
process, the SCLC model in HRS indicated two regions, an
initial ohmic region (where the slope (S) of the I-V plot yielded
a value of 1, i.e. IoV) and a region obeying Child’s law (IoV?).
On the other hand, the LRS was consistently governed by an
ohmic behaviour after the set process.®” In order to further
understand the interface and charge transport various resis-
tance states, impedance spectroscopy was carried out. While a
conventional DC I-V sweep can only give steady-state properties
including bulk resistance and resistive switching voltage, an
alternating current (AC) measurement can provide a transient
response, such as impedance and capacitance. By analyzing the
frequency-dependent transient response attributed to ionic-
electronic conduction in the perovskite film, we can interpret
the charge transport at the microscopic scale (nature of charges
and interface/bulk properties). Here, impedance spectroscopy
utilizes an alternating perturbation signal of 40 mV to probe the
temporal response of the system, and the current response is
recorded at various frequencies of 0.1 to 100 kHz.

The frequency-dependence can be clearly seen in Fig. 5G and
Note-5 Fig. S9 (ESIt), and both the HRS and the pristine state
show lower resistances at high frequency, suggesting a mixed
conduction of both electrons and ions across the bulk film.
However, at lower frequency, the resistance increases with the
accumulation of sluggish ions at the electrodes; the inter-
facial polarization also results in a higher capacitance measured
(Note-5 SI5-Fig. S9a and b, ESIt). At high frequency, the capaci-
tance approaches ~ 0.5 nF, which is approximately the geome-
trical capacitance of the device. When the device is SET to the
low resistance state, the device exhibits monotonous frequency
dependence resembling electronic conduction in a conductive
filamentary path. (ESI{).°*%° The impedance spectrum did not
exhibit any negative capacitance arc or the chemical inductance
arc, supporting the filamentary formation hypothesis.”

To further probe the underlying mechanism, we performed
retention failure analysis of the LRS as a function of temperature,

This journal is © The Royal Society of Chemistry 2024


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d3mh02055j

Open Access Article. Published on 22 Mbangil 2024. Downloaded on 1/11/2025 14:31:43.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Materials Horizons

as shown in Note-5 Fig. S10a (ESIt). Widely accepted in the oxide
memristor research community as a cause for retention failure at
the LRS, this model accounts for the migration and redistribution
of ions and vacancies and also takes into account spontaneous
diffusion via concentration gradients.”" Specifically, the diffusion
process is fit to a thermally-activated model and the retention
time (¢) is observed to be proportional to exp(E./kT), where E, is
the activation energy for ion migration, k is the Boltzmann
constant, and T is the absolute temperature. Following this
method, measurements of temperature-dependent retention were
performed to establish the diffusion energy barrier for the species
that induces switching in our PrPyrPbl; film. Note-5 Fig. S10a
(ESIT) shows the retention measurement results of Ag/PMMA/
PrPyrPbl;/PEDOT:PSS/ITO devices at LRS (~383 Q) at different
temperatures. A small constant read bias (0.1 V) was applied to
monitor the evolution of resistance over time. The retention time
decreased from 1200 to 60 s when the temperature was raised
from 363 to 400 K. The activation energy for ion migration (E,) was
derived to be equal to 0.18 eV from the linear relationship
between In(¢) versus 1/kT (Note-5 Fig. S10b, ESIT). This is consis-
tent with the values recorded for I ions (0.1-0.6 eV), hence
suggesting the movement of I" ions to be the dominant process
that causes memristive switching in our devices.”>”*

Therefore, we attribute the switching mechanism predomi-
nantly to the conductive filament formation due to the migration
of anion vacancies within the HP layer. We hypothesize that upon
application of a positive set voltage at the top electrode, positively
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charged iodide vacancies drift towards the bottom electrode,
forming highly conductive filaments shorting the device to its
LRS. On reversing the polarity, these vacancies get partially filled,
rupturing the conductive filaments and bringing the device back
to it HRS (Fig. 5H). Furthermore, we replaced the silver (Ag) top
electrode with electrochemically inert gold (Au) in the device
fabrication. The resulting Au/PMMA/PrPryPbl;/PEDOT:PSS/ITO/
PET devices exhibited similar resistive switching characteristics
(RS) with an on/off ratio exceeding 10°, as illustrated in Note-5
Fig. S11 (ESIt). However, self p- and n-doping of the HP bulk
during this ion drift-diffusion process, modulation of the injec-
tion barrier at the HP-PEDOT:PSS interface and doping of the
injection layer itself could also contribute to the resistive switch-
ing process.*® Moreover, all the constituent ions except probably
the bulky PrPyr* cation, namely I~ and Pb**, and defects such as
vacancies, interstitials, and anti-sites have low activation energies
for migration” and could contribute to the resistive switching,
making it difficult to diagnose the exact switching mechanism.
With respect to long-term plasticity rules like LTP, LTD and STDP,
persistent training with voltage pulses results in more vacancies/
ions being accumulated to form/disrupt conductive filaments
through the bulk or perturb the injection barriers at the inter-
faces, hence increasing/decreasing the conductance permanently
similar to the set/reset processes in conventional memristors. The
short intervals maintained between such training pulses do not
allow the vacancies/ions to relax or diffuse back to their original
positions, resulting in precise conductance modulations.
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through lateral inhibition by inhibitory neurons in the second layer. (B) Accuracy is plotted for a varying number of input neurons with 6000 training and
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Exploiting the STDP property of the PrPyrPbl; synapse, we
simulated a spiking neural network (SNN) for a handwritten
digit recognition task.”> The network is trained and tested on
images of handwritten digits from the MNIST database.”® The
input images are first converted to Poisson spike trains and fed
to the excitatory neurons through HP synapses. Each excitatory
neuron is connected to one inhibitory neuron and each inhi-
bitory neuron is connected to all other excitatory neurons. The
HP synapses from input to excitatory neurons are initialized
with random weights and then, learned through STDP. The
connections between excitatory and inhibitory neurons are
static (fixed weight). Whenever an excitatory neuron spikes,
the corresponding inhibitory neuron also spikes and through
one to all inhibitory connections, it ensures that no other
excitatory neuron spikes. Therefore, through this lateral inhibi-
tion, a winner-takes-all strategy’””’® is implemented. The archi-
tecture of the network is shown in Fig. 6A. In our first
simulation, we trained the network on 6000 training images
and evaluated the performance on 1000 testing images. All
experiments were done with varying numbers of neurons. The
network reaches an accuracy of 79.8% for 400 neurons (Fig. 6B).

Now, during the training of the SNN, whenever an excitatory
neuron spikes in response to a specific input pattern, the
receptive field of that neuron becomes more attuned to that
input pattern through STDP learning. In Fig. 6C, the receptive
fields of 100 neurons are shown after training the network with
1000 and 6000 samples, respectively. As we can see from the
figure, not only do the receptive fields more accurately resem-
ble the input patterns, but also we get a larger number of
representations for the same digit with increasing number of
training samples. Finally, we plot the classification accuracy of
the network with varying number of training samples (Fig. 6D).
The steady increase in accuracy with increasing number of
training samples is in accordance with the observations from
Fig. 6C. Further details of the simulation are described in SI-
Note 6. To verify the validity of the proposed simulation when
device-to-device (16 devices) variations of STDP parameters are
included, around 1.2-1.6% loss of accuracy was found (SI-Note 6
Fig. S13 &14, ESIT).

Conclusion

To conclude, here we design, fabricate and systematically eva-
luate pyridine-templated 1D halide perovskite (HP) materials as
crossbar memristors and weighted synaptic connections for
artificial neural networks. In comparison to 3D perovskites
(e.g. MAPDI;)), the 1D HPs portray an improved resistive switch-
ing performance with higher on-off ratio, endurance and
retention characteristics due to the reduced probabilities of
the ion migration pathways,””*® higher band gap of the 1D
inorganic lattices and electronic isolation of the inorganic
chains. By designing organic galleries without n-stacking inter-
actions, we demonstrate PrPry[Pbl;] memristive materials in
both dot-point and crossbar configurations with outstanding
resistive switching performance when compared to BnzPry[Pbl;]
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perovskites that possess structural conformations of the aromatic
benzyl-based cations. The benchmarking parameters extracted
from the PrPyrPbl; memristors, such as low off currents (~nA),
on-off ratio (~10°), retention (10° s) and endurance (2000 cycles).
The resistive switching mechanism is attributed to the migration
of vacancies/ions in the HP, self-modulating the bulk and inter-
faces of the memristive device structure. We build the largest dot
point and crossbar HP memristive arrays to date (50 000 devices
across an area of 100 cm” and 16 x 16 crossbar) and methodically
characterize 100 s of devices. We report the first comprehensive
analysis of the analog programming window for organic memris-
tive materials, specifically halide perovskites, and investigate
spike-timing-dependent plasticity (STDP) learning rules for spik-
ing neural networks (SNN). This soft-boundary estimation can be
extended to all memristive platforms and provides a comprehen-
sive guideline for analog programming of weighted synaptic
connections. Furthermore, the STDP learning of the synapses is
substantiated though an SNN simulation with HP synapses that
achieves 79.8% classification accuracy on a handwritten digit
recognition task for 6000 training and 1000 testing samples from
the MNIST database. In summary, the family of HP semiconduc-
tors offers a highly malleable material platform for developing
novel memristive devices and artificial synapses, exploiting their
unique ionic-electronic conduction. Our findings motivate
further exploration of the dimensional and compositional space
of HPs, to investigate the correlation between material properties
and memristive behavior. This paves the way for new ionic-
electronic neuromorphic architectures with halide perovskites as
the active material.

Experimental section

Please refer to the ESIf for details on the experimental proce-
dure, device fabrication and characterization.
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