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1
Introduction

1.1 Neural Networks

T remendous progress has been made in the field of artificial intelligence (AI) over

recent years. State-of-the-art large language models (LLMs), such as GPT-4, now

approach the level of human experts on knowledge tests,[1] and recently, Google

DeepMind’s AlphaFold allowed breakthrough protein folding discoveries,[2] granting the

team aNobel Prize.[3] A crucial factor in this progress is the upscaling of neural networks,

which becamepossiblewhen computation shifted fromcentral processing units (CPUs) to

graphics processing units (GPUs).[4, 5] This change resulted in significantly shorter train-

ing times for large neural networks. As a result, neural networks could be developed with

increasingnumbers of layers and trainingparameters. These “deep” neural networks, con-

tainingmultiple hidden layers,[6] performedmarkedly better than previous “shallow” net-

works. AlexNet, one of the first deep neural networks, achieved a breakthrough accuracy

of 84.7% in a computer vision competition, outperforming the runner-up by 10.8 percent-

age points.[7]

The size of neural networks has increased continuously since their conception. As a result,

thenumberofarithmetic (floatingpoint) operations (FLOPs) required for their traininghas

grown exponentially each year, as shown in Figure 1.1. The shift of training to GPUs exac-

erbated this trend. Currently, the number of FLOPs required for training state-of-the-art

models increases by approximately 4.6 times each year. Training the GPT-4 LLM required

an estimated 2.1 × 1025 FLOPs, while an estimated 3.0 × 1021 FLOPs were performed for
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Figure 1.1: Evolution of required training compute to train neural networks (in FLOPs) over time. The required
FLOPs increased approximately 1.5 times per year when models were trained on CPUs, and 4.6 times per year
after training shifted to GPUs around 2010. Data taken from [8].

trainingof theAlphaFoldmodel.[8]More recentmodels require evenmoreFLOPs for train-

ing. For the training of Grok 3, for instance, an estimated 3.5 × 1026 FLOPs were executed.

To accommodate this growth, both the GPU cluster size and training time increase annu-

ally as well. As a result, the peak power draw of GPU clusters is increasing 1.6 times each

year.[8] Combinedwith the annual 1.2 fold increase in training time, the energy consump-

tions to train these frontiermodels is rapidly increasing.[8]

1.2 Neuromorphic Computing

A key goal of deep learning is to developmodels with human or better-than-human level

intelligence. While the models are approaching this level quickly, a striking feature of

the human brain is that it performs all of its computational tasks while consuming only

20 W of power.[9] This is in stark contrast with the power consumption of contemporary

frontier software neural networks.[8] The discrepancy in power consumption stems from

the fundamentally different way in which the brain works.

Software neural networks are run on large clusters of GPUs that perform binary opera-

tions on large amounts of data, stored on separatememory units, shown schematically in

Figure 1.2a. These GPUs and memory units perform many sequential multiplications of

vectors, representing inputs, withmatrices containing learned parameters (“weights”).[6]

The vectors andmatrices are copied frommemory to the GPU for each computation, and
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Figure 1.2: Neural network implementations. (a) Software neural networks run on conventional computers.
Input vectors (x) and weight matrices (W) are transferred from memory to the GPU. The result of the vector‐
matrix multiplication (y) is written back to memory. Data transfer through the bus typically causes latency and
high energy consumption. (b) Biological neural networks, which consist of many neurons connected by synapses.
Neurons communicate through voltage pulses (action potentials), which are modulated by the synapses as a
synaptic current. (c) Brain‐inspired neuromorphic networks. Spiking neural networks (left) consist of electronic
devicesmimicking the biological networkswith artificial neurons (providingVin as input x), and artificial synapses
(functioning asweightmatrixW, providing Iout). Currents are integrated, and a voltage pulse is sent if a threshold
is reached (Vout, representing the output y). Reservoir networks (right) consist of a fixed network (“Reservoir”)
with short‐term memory that nonlinearly transforms inputs x (Vin), to make them linearly separable. A readout
layer with linear weightsW can perform classification or prediction based on the transformed input and yields
the final output y (Iout). Memory and computation are combined in these neuromorphic networks, eliminating
inefficient data transfer of conventional computers in (a).
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the results are written back to memory. The storage capacity of the GPU, as well as the

data bandwidth between the GPU and memory, are limited. This places a constraint on

the processing speed of software neural networks, commonly referred to as the “memory

bottleneck”.[10] Data transfer not only introduces latency, but it is also typically the most

energy-intensive process in digital computers.[10]

The biological neural network of the brain, on the other hand, consists of roughly 1011

neurons[11] that are connected by up to 1015 synapses.[12] Figure 1.2b schematically

shows how the neurons fire voltage pulses, called action potentials, which are transferred

by the synapses. The synapses determine how well action potentials are transmitted

between neurons. They are highly dynamic and play an important role in learning and

the processing of inputs.[13, 14] Because both processing and memory are combined in

biological neural networks, they do not suffer from the memory bottleneck of classical

computers. This feature not only reduces power consumption but also allows them

to operate in parallel and process large amounts of data simultaneously.[12] Another

important feature that helps save power is the event-drivenway that inputs are processed.

Each neuron only spikes if it receives inputs and remains idle otherwise.[15] Biological

neural networks further enhance their efficiency by employing noise.[15] Interestingly,

this inherent stochasticity does not hinder these networks but is an important feature

that helps increase the robustness of signal encoding.[16]

The field of neuromorphic computing draws inspiration from biological neural networks

tobridge theefficiencygap. Neuromorphicnetworks implement brain-inspiredhardware

and algorithms for information processing and learning.[17] Two examples are given in

Figure 1.2c. The first example shows neuromorphic spiking neural networks (SNNs).

These consist of artificial neurons and synapses to mimic the dynamics of biological

networks.[18] The artificial neurons integrate incoming charge and fire voltage pulses

after a threshold is reached. The artificial synapses determine the connection strength

betweenneurons, commonly as a variable current output.[18] The synaptic connections in

SNNs can be updated according to biology-inspired principles.[18–21] Thisway, SNNs aim

to mimic the sparse, parallel, and event-driven dynamics of biological neural networks

to match their efficiency.[21, 22] First implementations have shown drastically decreased

energy consumption.[22] However, scaling these networks to sizes comparable to the

human brain is still a major challenge.[23] This is in part because the electronic circuits

necessary tomimic the functioning of neurons and synapses are complex and bulky.[18]

A simpler implementation of a neuromorphic network is based on reservoir computing

(RC), inspired by the recurrent connections in the brain. These networks consist of a

“reservoir”, a fixed complex, dynamic system with short-term memory, and a linear
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readout layer.[24, 25] In this approach, the reservoir performs a complex nonlinear

transformation of input signals to increase the separability of inputs.[26] The simple

readout layer can then perform classification or prediction based on the transformed in-

put. Physical implementations of reservoir networks perform computation and memory

within the same network and therefore also do not suffer from the memory bottleneck.

Moreover, training them is simple because the nonlinear reservoir is fixed and only the

linear readout layer contains learned parameters.[27]

1.2.1 Memristive Devices for Neuromorphic Computing

Implementing SNNs or physical RC requires hardware that mimics the dynamics of bio-

logical networks. Moreover, for efficient, real-timeprocessing, the time constants of these

dynamics should bewell-matchedwith those of the inputs.[28, 29] Thismakes processing

of inputswith time constants ofmilliseconds to seconds, such as gestures or speech, ama-

jor challenge for chips based onmuch faster conventional electronics.[29, 30]

The functionality of neuromorphic networks consisting of artificial synapses andneurons

can be based on the resistance changes ofmemristive devices. These simple two or three-

terminal devices can be implemented in higher densities than the bulkier neuromorphic

devices based on conventional electronics.[31] Additionally, the timescale on which resis-

tance changes occur can vary from hundreds of picoseconds[32, 33] to seconds,[34, 35]

allowing easymatching of the time constant of the input bymaterial choice.

Memristive devices showa resistance that can be varied by applying a voltage.[36] Various

mechanisms can cause memristive properties in a broad range of materials. Formation

and disruption of conductive filaments, for example, can cause large, abrupt resistance

changes inmetal oxides.[37, 38] Small, gradual resistance changes have been reported for

these materials as well, caused by interfacial doping.[36, 39] Reversible doping can also

cause resistance changes in three-terminal organic semiconductor devices.[34, 35, 40]

Other mechanisms include reversible conductive-to-non-conductive phase changes[41]

or ferroelectric effects.[42, 43]

Memristive devices for artificial synapses

Biological synapses modulate the connection strength between neurons, crucial to

learning in biological neural networks.[13, 14] Artificial synapses of memristive devices

mimic the modulation of the connection strength by their variable resistance. Research

has mainly focused on stable (non-volatile) devices for this purpose.[44–47] Of the non-

volatile responses, small, gradual resistancechangesallowanalog tuningof the resistance,
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i.e. connection strength,[34, 35, 40] akin to biological synapses.[13, 14]Nonetheless, strate-

gies exist to employ memristive devices showing large, binary resistance changes due to

the formation of conductive filaments as well.[48] Non-volatile memristive devices have

already been heavily downscaled to the square nanometer scale.[31, 41, 49] They can also

be highly energy efficient, with an energy consumption in the femtojoule regime,[31, 34,

35] similar to biological synapses.[50] Even so, their implementation in neuromorphic

circuits is still hindered by several factors. Square nanometer devices typically display

high operating currents that are problematic for small interconnects of the chip.[44, 51]

Moreover, the resistance changes are commonly stochastic.[52]While this ismore faithful

to biological synapses,[53, 54] algorithms implemented on contemporary memristive

neuromorphic platforms usually require deterministic responses.[44, 55]

Memristive devices for artificial neurons

Biological neurons receive input signals and transmit action potentials when combined

inputs exceed a threshold, after which the neuron is reset to its initial state.[15] The inputs

can be sensory stimuli, such as sight or touch,[12, 15] or action potentials from other

neurons.[12, 15, 56] To mimic this behavior, memristive artificial neurons commonly

connect a volatilememristive device that shows large, abrupt resistance changes in series

with a resistor,[57, 58] possibly in combination with a parallel capacitor.[39, 59–62]When

implemented with a series resistor only, the memristive device should initially have a

higher resistance.[57, 58] An applied bias voltage then initially drops predominantly over

the highly resistive memristive device. After some time, its resistance abruptly changes,

which causes a voltage spike on the series resistor, reminiscent of an action potential.

Importantly, the series resistor should now bemore resistive than thememristive device.

This causes thevoltage todroppredominantly over the series resistor, allowing thevolatile

memristive device to reverse to its high-resistance state.[57, 58] For the parallel capacitor

implementation, an initially applied voltage drops predominantly over the series resistor

instead, due to the low impedance of the uncharged capacitor. As the capacitor is charged,

the impedance of the parallel capacitor-memristive device increases. When the voltage

drop reaches a threshold, the resistance of the memristive device rapidly drops, allowing

a rapid discharge of the capacitor. This results in a current pulse similar to an action

potential, while simultaneously resetting the memristive device to its high-resistance

state.[39, 59–62] More complex circuits have been implemented as well.[63, 64] While

these can approximate the functioning of biological neurons more closely,[64, 65] their

increased number of devicesmakes high-density integrationmore challenging.
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1.2.2 Neuromorphic Implementations with Memristive Devices

Despite their promising properties, neuromorphic chips made with memristive devices

have so far been more limited compared to SNNs based on traditional electronic compo-

nents. Memristive neuromorphic networks typically use memristive devices in crossbar

arrays for efficient parallel vector-matrix multiplication.[44–47] In these systems, the

memristive device acts as an analog, non-volatile memory element. When a voltage is

applied, the readout current equals the product of the voltage and the device’s conduc-

tance, according to Ohm’s law. Connecting memristive devices in parallel and applying a

bias voltage results in a total current that is the sum of the individual currents, following

Kirchhoff’s law. Combined, these two laws allow matrix-vector multiplication.[66] This

hardware implementation mimics the underlying principle of parallel computation

in biological neural networks and removes the memory bottleneck for more efficient

computation.[45] Nonetheless, these implementations commonly suffer from device

non-idealities. Reaching the same level of accuracy as software neural networks requires

tuning of the resistances with high precision, which has so far not been possible in

practice.[46, 47] Other common issues are unwanted resistance changes over time[67]

and stochasticity in the resistance changes during programming.[44, 47]

Interestingly, biologicalneuronsandsynapses showsimilar “non-ideal” responses suchas

stochasticity[15, 53, 54] and volatilememory.[13, 14]Memristive devices could therefore be

implemented inmore biologically plausible networks that exploit these responses. Device

volatility, for example, is important for neuromorphic networks with biology-inspired

short-term memory,[68–70] as well as for reservoir networks.[71] Another example

is a memristive neuron with stochastic spiking behavior due to stochastic resistance

changes.[52] The stochasticity helps populations of these neurons to encode different

inputs more accurately.[64, 72] While promising, these more biologically plausible

memristive neuromorphic networks have been less explored so far.[73]

1.3 Halide Perovskites

Halide perovskites have recently been proposed as a novel material for memristive de-

vices.[74, 75] They are a class of semiconductormaterialswith a chemical formula of ABX3,

whereA is amonovalent cation (typicallymethyl ammoniumor formamidinium), B is a di-

valent cation (Pb2+, Sn2+), and X is a halide or mixture of halides (Br−, I−). A schematic

image of the crystal lattice is given in Figure 1.3a. The excellent optoelectronic properties

of halide perovskites have enabled the development of efficient solar cells[76] and light-
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X = I , Br 

B = Pb  2+

A = MA , FA ++

- -

VI,Br
+

E ~ 0.1 - 0.6 eV
A

a b

Figure 1.3: Mixed ionic‐electronic conduction in halide perovskites. (a) Schematic illustration of the ABX3 halide
perovskite crystal lattice. A‐site cations are usually organics (methyl ammonium (MA+) or formamidinium (FA+)),
Pb2+ is the most common B‐site cation, and the X‐sites are halides, such as I− or Br−. The B‐site cation and
halides form corner‐sharing octahedra. The A‐site cation sits in the center of these octahedra. (b) An A‐site
cation‐halide plane of the crystal lattice with a halide vacancy at the top of the image. These vacancies are
highly mobile, with reported activation energies between 0.1 and 0.6 eV.[83, 84]

emitting diodes.[77] Even so, these devices typically suffer fromperformance degradation

due to facilemovement of charged defects.[78]

1.3.1 Mixed Ionic‐Electronic Conduction in Halide Perovskites

Bonds in the halide perovskite lattice are partially ionic, which break easily to form point

defects in the form of ionic interstitials and vacancies, generally referred to as “mobile

ions”.[79] The activation energy of defect formation is particularly low for halides, on the

order of 0.1-0.2 eV.[80–82]As illustrated by Figure 1.3b, these vacancies are also highlymo-

bile and migrate through the lattice by a hopping process, with activation energies in the

range of 0.1-0.6 eV.[83, 84] However, migration of other ionic species, such as silver and

gold electrodematerials, has been reported as well.[85] Their charge causes these defects

to drift along applied electric fields and accumulate at the perovskite-electrode interface.

This re-distribution of ions affects the electronic device properties and leads to various

formsofhysteresis.[86]Theoutputcurrentcanbereducedasavoltage isapplieddue to the

accumulationof ions, causing field screeningat the interface.[78, 87]An increasingoutput

current as a voltage is applied is also possible. This can, for example, be caused by a reduc-

tionof defects at thehalideperovskite-electrode interface[88] or dopingof theorganic lay-

erswith halides.[89]Moreover, transient ionic displacement currents are commonlymea-

suredwhen the voltage bias is removed. These originate from thedrift anddiffusion as the

accumulated ions redistribute.[90, 91] A striking property of halide perovskites is that ion

migration in halide perovskites is exacerbated by illumination.[92]
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Figure 1.4: Commonly reported resistance change mechanisms in halide perovskite memristive devices. (a) Re‐
sistance changes due to interfacial effects, such as surface passivation (left) or doping of organic charge transport
layers (right). These mechanisms typically cause gradual resistance changes with multiple accessible resistance
states, as indicated in the I‐V sweep. (b) Resistance changes caused by the reversible formation of conductive
filaments of halide vacancies (left) or the electrode material (right). This mechanism commonly results in large,
abrupt resistance changes illustrated by the I‐V sweep. Arrows in the I‐V plots indicate the voltage sweep direc‐
tion.

1.3.2 Halide Perovskite Memristive Devices

Ion migration and the resulting hysteresis are unwanted in devices such as solar cells,

where they cause performance degradation.[87] However, the various types of hysteresis

are promising for neuromorphic applications. Moreover, ion migration typically occurs

on themilliseconds to seconds timescale,[78, 87] well-matched with biologically relevant

timescales. Halide perovskites can also be deposited with low-temperature, solution-

based techniques, allowing novel implementations on flexible substrates.[93, 94] In

light of these properties, several studies have investigated halide perovskite memristive

devices for neuromorphic applications.
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Halide perovskite artificial synapses

Artificial synapses of halide perovskites can be highly energy-efficient due to the low

activation energy for defect formation and migration.[74, 95, 96] Projections of the en-

ergy consumption per device area have predicted superior values for halide perovskite

synapses compared to other materials showing memristive properties.[74] Energy

consumptions as low as 14 fJ have been reported for changing the resistance of halide

perovskite memristive devices,[95] similar to biological synapses.[50] The high energy

efficiencies are promising for neuromorphic hardware, where the weight updates are a

major contributor to the overall energy consumption.[21]

Halide perovskite memristive devices can show gradual, analog resistance changes,[74,

88, 89, 97] shown schematically in Figure 1.4a. These can be caused by a modulation of

the charge injection or extraction energy barrier at the perovskite-electrode interface.[88,

95, 97] This response is also commonly demonstrated by halide perovskite synapses

containing organic layers based on PEDOT:PSS.[74, 89, 97] These layers can be doped by

mobile iodide ions of the halide perovskite layer, resulting in a lowering of the device resis-

tance.[89] The gradual response is most similar to biological synapses,[13, 14] and closer

to implementations of artificial synapses in contemporary neuromorphic networks.[21]

Abrupt, binary changes in resistance due to filament formation have been reported for

halide perovskite memristive devices as well.[75, 98–100] These filaments can consist

of halide vacancies,[96, 100] but also of electrode metals, such as silver.[75, 98–100]

Reversible filament formation and the corresponding current response are illustrated

in Figure 1.4b. The resistance changes of these devices are typically several orders of

magnitude,[75, 101] up to 109.[102] The filaments can be highly stable, with retention

times of up to 107 seconds.[101] Interestingly, the stability of the filaments can also be

reducedby lowering the operating current during the programmingof the resistance.[103,

104] This more volatile behavior is commonly displayed by biological synapses.[13] The

large, binary resistance changes are less similar to responses of biological synapses.[13,

14] Nevertheless, these devices can still reach intermediate resistances by controlling

the operating current during the programming of the resistance through a compliance

current.[101] Previous work on HfO2-based memristive devices based on filament for-

mation showed that this is also possible by adjusting the length of the programming

voltage pulse.[105] This strategy might be applicable to halide perovskite memristive

devices as well. Nonetheless, memristive devices showing only two stable states can

still be implemented as artificial synapses by leveraging the inherent stochasticity of

filament formation.[52] The synaptic weight can then be updated based on probabilistic

algorithms, where an update pulse is applied to an array of parallel synapses.[55, 106]
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Because of stochasticity, some devices will switch to the low resistance state, while others

will retain their high resistance. The length of the update pulse controls the number of

switched devices.[52] By summing the output currents of the binary synapses in the array,

the array as a whole can outputmultiple analog currents.[55, 106]

The device response can further be altered by adjusting the perovskite composition.

Addition of large A-site cations to the perovskite lattice, for example, can bring down

operating currents, thereby reducing the energy consumption.[88, 96, 107] Their addition

can also influence the retention time and switching speed by impeding halide migration

through the perovskite.[107] By controlling the halide perovskite composition,[88, 96, 107]

electrode material,[75, 108] and additional organic layers[99] as described above, halide

perovskite artificial synapses canshowresistance switching speedson timescales ranging

from hundreds of milliseconds[96, 107] down to hundreds of picoseconds.[109] Similarly,

the retention time can be tuned from hundreds of milliseconds[74, 95, 107] up to the

previously-mentioned 107 seconds[101] by adapting these device parameters.[101, 107]

Moreover, analog, interfacial resistance change mechanisms can generally be obtained

by incorporating organic layers such as those based on PEDOT:PSS,[74, 97, 107] using

chemically inert electrodes, such as gold,[108] and increasing the distance between the

electrodes.[95] Devices showing binary, filament-based resistance changes, on the other

hand, can typically be fabricated by implementing reactive silver electrodes,[75, 98–100]

and by having the perovskite layer in direct contact with the electrodes.[75, 100] Overall,

the facile tunability of the resistance change dynamics of halide perovskite memristive

devicesmakes them highly versatile. Ultimately, this might allow fabrication of all-halide

perovskite neuromorphic networks by providing all required time constants with the

same activematerial.[29, 110]

Besides these conventional all-electronic implementations, previous studies have com-

bined optical and electrical inputs for programming and readout of the device aswell.[111–

114] In optoelectronic halide perovskite synapses, optical inputs can facilitate resistance

changes induced by a bias voltage.[111, 114, 115] Another way these can be realized is in

transistor architectures, where optical inputs are absorbed by the halide perovskite in the

channel to increase channel conductivity.[112, 113, 116] These devices are promising for

neuromorphic sensors that combine detection and processing of inputs.[117] Previously,

the classification accuracy of such a neuromorphic sensor based on RC was enhanced by

combining voltage and light inputs in amultimodal approach.[118] The samemight bepos-

sible with these optoelectronic halide perovskite devices. While volatile halide perovskite

devices have also been implemented in reservoir networks, these networks processed ei-
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ther voltage[103, 104, 119] or light inputs.[120] Their use inmultimodal reservoir networks

capable of detecting both voltage and light inputs has not been studied.

Halide perovskite artificial neurons

While several studies have looked into artificial synapse applications, halide perovskite ar-

tificialneuronshaveremainedalmostentirelyunexplored. Onestudydemonstratedhowa

volatilehalideperovskitememristivedevicecould implement signal integration.[121]How-

ever, this required external electronic circuits to produce an output spike and reset the de-

vice, and thereforedidnot significantly lower thedevice’s complexity compared to conven-

tional implementations.[18] Halide perovskite memristive devices can show the required

abrupt, large, and volatile resistance changes necessary for artificial neuron implementa-

tions.[103, 104] Even so, simpler implementations with, e.g., parallel capacitors have not

yet been reported. Artificial neurons are a key component of SNNs. Hence, the devel-

opment of a less complex halide perovskite artificial neuron is a crucial step towards all-

halide perovskite SNNs.

1.3.3 Limitations of Halide Perovskite Memristive Devices

Despite their promising properties, several issues prevent the integration of halide per-

ovskites for neuromorphic applications. On thematerial side, a common obstacle is their

low stability. The soft, ionic bonds in the halide perovskite lattice break easily, resulting

in rapid device breakdown during operation.[122] The device stability can be improved

by proper encapsulation of the memristive device.[101, 109] Encapsulation can slow

degradation by preventing outgassing of volatile decomposition reaction products,[123]

while simultaneously limiting ingression of harmful atmospheric water and oxygen.[123–

125] Furthermore, large organic A-site cations can also improve stability by forming a

protective surface layer.[126] In addition, halide perovskites are highly soluble in solvents

commonly used in lithography due to the ionic bonds, hindering microfabrication.[127]

This forms a major bottleneck for high-density integration of halide perovskites in neu-

romorphic chips. A previously implemented strategy to circumvent this is to deposit the

halide perovskite in a porous aluminamembrane.[101, 109] Amacroscale top electrode is

then deposited on the substrate. While this can reduce the device area, it does not address

the issue of patterning the top electrode and high-density integration. Another concern

for upscaling is that halide perovskites contain toxic lead. This could be addressed by

replacement with othermetals, such as Cu,[128] or Sn.[129, 130]

Other issues remain on the implementation side. The lack of experimentally demon-
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strated halide perovskite artificial neurons is a major obstacle to the realization of halide

perovskite neuromorphic networks. Moreover, studies havemostly focused on individual

devices so far. Studies that did consider networks of halide perovskites are limited to RC

approaches where the network processed either a voltage or light input. Networks that

leverage the light-dependent ion migration of halide perovskites, a unique property that

differentiates them from other memristive materials, have not yet been explored. These

networks could emulate the efficient processing of sensory inputs by biological neural

networks.

1.4 Thesis Outline

This thesis aims to demonstrate the versatility of halide perovskites for neuromorphic

computing. It describes a microfabrication procedure for high-density integration of

halide perovskite memristive devices. Efficient artificial synapses and neurons are fab-

ricated with the procedure. Moreover, it shows how these components can be applied in

brain-inspired networks for efficient learning and information processing.

Chapter 2 addresses the issue of degradation of halide perovskites during microfabrica-

tion, a key issue that prevents their implementation in neuromorphic integrated circuits.

Wedemonstrate a scalablemethod to fabricate halide perovskite artificial synapses on the

microscale with a back-contacted architecture. The devices consist of two gold electrodes

sandwiching an SiO2 insulating spacer. The halide perovskite active layer is spin-coated

over these electrodes in the final fabrication step, preventing degradation by exposure

to solvents. Devices with a footprint of around 6 µm2 are fabricated with this procedure.

The devices show large resistance changes of up to five orders of magnitude, consistent

with the formation of conductive filaments. Multiple resistance states are accessible

with pulsed voltage measurements. The energy consumption of the resistance changes

is as low as 640 fJ, owing to the small device size and, therefore, operating current. The

retention time of the synapse is on the order of tens of seconds, similar to biological

synapses. Compared to previous energy-efficient synapses based on other materials,

the downscaled halide perovskite device excels in terms of the large dynamic range of

the resistance change and its energy consumption. Furthermore, the switching speed of

the halide perovskite synapse of tens of milliseconds is complementary to those of other

synapses, with switching speeds of tens to hundreds of nanoseconds.

Chapter 3 presents the first on-chip integrated halide perovskite artificial neuron. The

neuron is based on a microscale halide perovskite memristive device fabricated in the

back-contacted architecture. The memristive device contains a gold and silver electrode
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and displays large, volatile resistance changes, with a retention time below 500 ms. The

neuron is fabricated fully on-chip by connecting the volatile, microscale halide perovskite

memristive device in series with a capacitor. Applying successive pulses to the device

causes a large, abrupt lowering of the resistance, resulting in an output voltage spike

accompanied by rapid charging of the capacitor. When the bias is removed, the capacitor

discharges, aiding in the resetting of the volatile device. The spiking behavior is analyzed

over several cycles, andweshowthat it followsPoissonbehavior. We thensimulatepopula-

tions of neurons displaying spiking behavior by a Poisson processwith the experimentally

determined parameters. From the simulations, it follows that the stochastic spiking helps

the population encode signals that would remain subthreshold for deterministic neurons.

We calculate an energy consumption per spike between 20 and 60 pJ, lower than the 100

pJ of biological neurons. We estimate that further downscaling can decrease the energy

consumption to 10 pJ without negatively impacting device performance.

Chapter 4 introduces volatile optoelectronic synapses that are programmed electron-

ically and read out optically. The synapses are fabricated on the microscale with the

back-contacted layout, containing two gold electrodes and an insulating Al2O3 layer over

the bottom electrode. We show that this insulating layer prevents resistance changes

by a bias voltage. Instead, the applied voltages cause accumulation of ions at the halide

perovskite-electrode interface, resulting in a voltage buildup in the perovskite that per-

sists after the bias voltage is removed. We demonstrate that illuminating the device yields

an output photocurrent that is modulated by this voltage buildup. The sign and magni-

tude of the output photocurrent depend on the previously-applied bias voltage. Moreover,

illuminating the device while applying the bias voltage results in larger photocurrent

modulation. We implement an optoelectronic spike-timing-dependent plasticity (STDP)

learning rule, inspired by biology, based on this enhancement of the photocurrent switch-

ing. We then simulate a neuromorphic camera of arrays of the optoelectronic synapse,

based on the experimentallymeasured device response. We show that the optoelectronic

STDP learning rule allows local, selective weight updates with a simple feedback-spike

mechanism. The simulated camera shows attention-based learning, which can be

leveraged to focus on features of interest. The camera could allow more efficient image

classification by neuromorphic networks.

Chapter 5 explores how volatile halide perovskite devices can be implemented in a mul-

timodal in-sensor network. We use the samemicroscale optoelectronic devices with the

Al2O3 insulating layer as inChapter4. We show that applied voltagepulses cause a volatile

ionic current that decays over hundreds of milliseconds. Applying light pulses as the volt-

age is applied results in a larger ionic current. Wemeasure voltage, or combined light and
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voltage 4-bit input sequences, where each bit represents a timestep where a pulse is (“1”)

or is not (“0”) applied. Wedemonstrate that the ionic currents of different input sequences

are separable, with some overlap when considering the measurement error. We use the

ionic current measurements to simulate a reservoir network for in-sensor computing.

The simulated network consists of arrays of the halide perovskite devices that transform

the MNIST dataset. The transformed dataset is then classified with a linear readout layer.

We obtain high classification accuracies of up to 95.3 ± 0.1% formultimodal networks that

transform the images based on both voltage and combined light and voltage inputs. When

including experimentally measured noise, we find a minor accuracy penalty between 0.3

and 1.2 percentage points. We showwith simulations of ionic current outputs that longer

retention times with respect to the input frequency benefit MNIST classification. These

simulations allow easy estimation ofMNIST classification accuracies based on the output

current of 4-bit input sequence measurements. Finally, we extend the handwritten digit

classification to video inputs based on the N-MNIST dataset. We obtain the highest clas-

sification accuracy of 89.0 ± 0.1% for the multimodal network, outperforming a reference

network without volatile memory by 15.8 percentage points. These networks could be

implemented fully in hardware for efficient combined sensing and processing.
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2
Microscale Artificial Synapses

Abstract

The efficient conduction of mobile ions in halide perovskites is highly promising for arti-

ficial synapses (or memristive devices), devices with a conductivity that can be varied by

applying a bias voltage. Here we address the challenge of downscaling halide perovskite-

based artificial synapses to achieve low energy consumption and allow high-density inte-

gration. We fabricatehalideperovskiteartificial synapses inaback-contactedarchitecture

to achievemicroscale devices despite the high solubility of halide perovskites in polar sol-

vents that are commonly used in lithography. The energy consumption of a conductance

change of the device is as lowas 640 fJ, among the lowest reported for two-terminal halide

perovskite artificial synapses so far. Moreover, the high resistance of the device up to hun-

dreds of megaohms, low operating voltage of 100 mV and simple two-terminal architec-

ture enable implementation in highly dense crossbar arrays. These arrays could poten-

tially show orders ofmagnitude lower energy consumption for computation compared to

conventional digital computers.

This chapter is based on: De Boer, J. J. & Ehrler, B. Scalable Microscale Artificial Synapses of Lead
Halide Perovskite with Femtojoule Energy Consumption. ACS Energy Letters 9, 5787–5794 (2024)
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2.1 Introduction

R ecent years have seen the rapid development of evermore capable artificial intel-

ligence (AI) models. Thesemodels now rival or even surpass human capabilities

in a wide range of tasks, such as complex strategy games[1–3], image analysis[4,

5], predicting protein folding[6] or practicing law[7] and medicine.[8] While these feats

are certainly impressive, the development comes with an exponential increase in com-

putational demand and therefore power consumption.[9] As an example, at the time of

writing the GPTmodels underlying ChatGPT are run on clusters ranging from eight up to

thousands of GPUs each consuming up to 700 W of power.[10] This large computational

demand and power consumption is especially problematic for AI applications where

relatively small devices, such as smart sensors, are required to function autonomously

and without connecting to large external servers and power sources. By contrast, the

most complex neural network we know, the human brain, only consumes roughly 20 W

of power.[11] One elegant solution to tackle this large discrepancy in power consumption

is therefore to move to a novel way of computation that is inspired by the brain. In

these so-called neuromorphic computing systems, electronic circuits are employed to

mimic the functioning of biological neurons and synapses. Some well-known first im-

plementations of this principle by Intel and IBM have demonstrated orders of magnitude

reduction in power consumption for classification tasks already.[12, 13] The synapses in

these neuromorphic systems were so far implemented by complementary metal-oxide

semiconductor (CMOS) circuits.[14] However, these circuits are bulky and typically take

upmost of the available area on the chip.[14, 15]Moreover, the energy consumptionof tens

to hundreds of pJ per synaptic event in the aforementioned neuromorphic chips[12, 13] is

still significantly higher than the 1-10 fJ consumed by their biological counterpart.[16]

Memristive devices have recently gathered significant attention as an alternative building

block of artificial synapses. These two-terminal devices have a resistance that can be

varied by the application of a bias voltage and their working principle is typically based

on formation of metallic filaments in metal oxides,[17, 18] a phase change from a non-

conductive amorphous to a conductive crystalline material[19, 20] or polarization of a

ferroelectric material.[21, 22] Their low energy consumption of operation down to the

femtojoule range[17–22] and the possibility to implement memristive devices in dense

crossbar arrays[23, 24] make them an attractive alternative to synapses that are solely

based on CMOS circuits. There are several requirements for memristive devices before

they can effectively replace or be incorporated into CMOS-based artificial synapses.

Firstly, memristive devices with a range of switching speeds and state retention times
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are required to construct neuromorphic systems capable of learning and remembering

of information.[25, 26] In addition, the resistance of the device should be high to prevent

parasitic voltage drops on the interconnecting wires and to prevent electromigration of

wire material.[23, 24] Lastly, large conductivity changes are required to help reduce read

errors in downscaled devices with low operating currents.[24]

Recently, halide perovskites have been proposed as a novel material for implementation

in memristive devices.[27–30] Conductance changes in halide perovskite-based elec-

tronic devices are thought to originate from migration of ions or ion vacancies under

the application of a bias voltage.[31] The low activation energy of ion-migration in this

class of materials means that their projected energy consumption is among the lowest

of all memristive materials reported in literature, in the femtojoule range for device

areas at or below 10 µm2.[28, 32] In addition, large changes in the conductance[29, 33]

and the large range of timescales for conductance changes ranging from hundreds of

milliseconds down to hundreds of picoseconds[28, 33]make halide perovskites attractive

candidate materials for artificial synapses. However, so far few studies have focused on

downscaling of halide perovskite memristive devices, which is a major challenge due

to the high solubility of halide perovskites in polar solvents that are commonly used in

lithography procedures.[34] Downscaled halide perovskite devices with their promised

femtojoule energy consumption have therefore not been demonstrated so far and there

is currently no method to implement them in dense arrays on a chip. Moreover, down-

scaling of memristive devices based on other materials has previously been shown to

result in higher operating voltages,[35–37] leading to higher energy consumptions than

expected based on the macroscale device. The lack of downscaled memristive devices of

halide perovskites therefore makes it difficult to assess whether these materials retain

their favorable resistance change properties for smaller device areas and hence to verify

their scalability.[38] In previous attempts, devices were downscaled by incorporation

of halide perovskite in porous alumina membranes or in holes in a SiO2 layer with top

contacts evaporated through a shadowmask. However, with these approaches, the energy

consumption of conductance changes was still on the order of several picojoules and the

device geometry is difficult to scale to large networks.[33, 39]

Here we report a method to downscale halide perovskite artificial synapses to the mi-

croscale to reach an energy consumption of conductance changes down to 640 fJ. The

synapse is operated at low voltages of 100 to 200mV with large conductance changes up

to five orders of magnitude. Moreover, the synapse has a switching speed on the order of

tens ofmilliseconds and a retention time of tens of seconds, similar to biological synapses.

The timescales of conductance changes differ significantly from those of synapses based
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Figure 2.1: Schematic representation of the artificial synapse. The device consists of two gold electrodes that
form a crosspoint and sandwich a SiO2 spacer layer. A MAPbI3 active layer is spin‐coated over the electrodes.
Bias‐voltage induced hysteresis leads to a change in the postsynaptic current Isyn of the device with each suc‐
cessive presynaptic voltage pulse Vpre that is applied.

on metal oxides, phase change materials and ferroelectrics and therefore complements

these existing memristive devices. The high resistance up to hundreds of megaohms

and the two-terminal architecture make our devices ideal for integration in high density

crossbar arrays.

2.2 Results and Discussion

Theback-contacted, two terminaldevicearchitecture thatwasadopted for thedownscaled

synapses is shown schematically in Figure 2.1. The device consists of two gold electrodes

that formacrosspointwith aSiO2 spacer that separates theelectrodes. Methylammonium

lead iodide (MAPbI3) perovskite is spin coated over the electrodes and forms the active

layer of the device. By depositing both electrodes prior to perovskite deposition, our de-

vice avoids processing on top of the relatively sensitive perovskite layer. Depending on the

bias voltage applied to the electrodes, current flows through theMAPbI3 layer from the top

of the bottomelectrode to the sides of the top electrode or vice versa. Bias voltages applied

to theMAPbI3 layer induce hysteresis thatmodulates the resistance of the device,mimick-

ing the plasticity of biological synapses.[40] Embedded in a network, one of the electrodes
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would electronically connect to the presynaptic neuron that sends voltage pulses to the

postsynaptic neuron via the other electrode of this synapse.

2.2.1 Fabrication Procedure

The device fabrication procedure is outlined in Figure 2.2a-e. First, the gold bottom elec-

trodeswerepatternedonaSi/SiO2 (100nm)substratebyaUV-lithographyprocedure. A60

nm SiO2 layer was then deposited on the bottom electrode by inductively coupled plasma

chemical vapor deposition (ICPCVD). Top electrodes were subsequently patterned on the

SiO2 layer by a secondUV-lithography step, alignedperpendicular to the bottomelectrode.

The SiO2 layer acts as an insulating layer that prevents a short-circuit between the top

and bottom electrodes. The top electrodes were now used as a hard mask for reactive

ion etching (RIE) of the SiO2 layer. An optical microscopy and SEM image of the cross-

point of the electrodes after the RIE of the SiO2 layer are shown in Figure 2.2f. Finally, the

MAPbI3 active layer and a PMMA capping layer were spin-coated onto the substrate. An

X-ray diffraction (XRD) pattern and scanning electron microscopy (SEM) image of a spin-

coated MAPbI3 film are given in Figure 2.A.1 of the Appendix. Spin coating the halide per-

ovskite layer only in the final step prevents degradation of the perovskite layer due to ex-

posure to polar solvents used in the lithography procedure. Moreover, the encapsulation

withPMMAhasbeenshowntosignificantly reducetherateofdegradationof theperovskite

layer under ambient conditions and at elevated temperatures.[41]

A current–voltage characteristic (I-V curve) of thedevice before perovskite depositionwas

measured to ensure that the SiO2 spacer does not form a shunt in the final device with

the perovskite layer. As can be observed in Figure 2.A.2, the current that flows between

the electrodes through theSiO2 spacer falls below thedetection limit of ourmeasurement

setup for all bias voltages used in this work. In addition, no resistance changes weremea-

sured up to 3Vwithout the perovskite. We can therefore exclude contributions of the SiO2

layer to resistance changes of the final device.

Thegeometryof the currentflow through theMAPbI3 layer fromthe topof thebottomelec-

trode to the sides of the top electrodemakes the exact device area difficult to define. How-

ever, the device volume can still be minimized by decreasing the width of the electrodes.

All devices discussed in the rest of thiswork containedgold topandbottomelectrodes that

were 2.5 µmwide. This electrodewidthwas chosen as a compromise allowing for high fab-

rication yields andminimized device area. A clear advantage of our crossbar geometry is

that the dimensions of the halide perovskite film do not limit the device dimensions and

therefore thecrosspoints canbe implemented indensearraysunderneathasingle,macro-

scopic film.
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Figure 2.2: Fabrication procedure of the perovskite synapses. (a) 2.5 µm wide Au bottom electrodes are pat‐
terned on a thermally oxidized Si substrate by UV lithography. (b) A 60 nm insulating SiO2 spacer is deposited
by ICPCVD. (c) 2.5 µm Au top electrodes are patterned perpendicular to the bottom electrode in a second UV
lithography step. (d) The top electrode is used as a hardmask during removal of SiO2 from the bottom electrode
with a reactive ion etch. (e) The perovskite active layer and a PMMA capping layer are spin‐coated in the final
fabrication step. (f) Optical microscopy and tilted SEM image of the crosspoint of two 2.5 µm electrodes.

2.2.2 Artificial synapse measurements

Thirty-five I-V curves demonstrating the typical conductance change behavior of the mi-

croscale device are shown in Figure 2.3a. The current rapidly increases by approximately
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a b

c d

Figure 2.3: Conductance changes of the synapse. (a) The median (blue) of 35 I‐V sweeps (grey) of the synapse,
showing a rapid increase of the current between 100 and 200 mV. (b) The conductance in the forward (SOF F )
and backward (SON ) sweep, calculated from the current measured at 0.02 V in the I‐V sweeps in (a). An increase
in the conductance of three to five orders of magnitude is observed for each cycle. (c) Pulsed I‐V measurements
demonstrating the reversible conductance changes with ten 80 ms pulses of +100 mV, followed by ten pulses
of ‐100 mV and of the same duration. (d) Retention time measured directly after switching the conductance of
the synapse to SON with 10 pulses (200 mV, 80 ms). The retention time is measured with a 1 mV probe pulse.
The conductive state is stable for tens of seconds.

three to five orders of magnitude when a potential of 0.1 to 0.2 V is reached in the forward

sweep from0to0.2V. Thedevice remains in thishigher conductive statewithconductance

SON in the reverse sweep from0.2 to -0.2 V and is reset to the lower conductive state with

conductance SOF F between 0 and -0.2 V. Similar rapid conductance changes of several

orders of magnitude have been reported before in macroscopic perovskite memristive

devices. Interestingly, formacroscale devices these changes typically occur at higher volt-

ages than those reported here and are attributed to the formation of conductive filaments

through the film.[42–44] One of the I-V sweeps is shown in Figure 2.A.3, plotted on the

linear scale. From thismeasurement it follows that the synapse shows ohmic conduction

after the conductance increase, which is expected after the formation of a conductive

filament through the bulk of the film.[45] The I-V sweep therefore suggests that the
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measured conductance changes in our device are due to the formation and rupture of

a conductive filament as well. Formation of these conductive filaments in metal-halide

perovskite-metal devices is well-established and has been demonstrated experimentally

in previous reports.[43, 44, 46, 47] The lower voltages at which the conductance changes

are observed can be explained by the shorter distance between the electrodes than those

typically used in macroscale devices,[42–44] resulting in proportionally larger electric

field strength. In the I-V sweep in Figure 2.A.3, the ohmic response of the device is not

maintained for negative voltages, which we ascribe to the relative instability of the fila-

ment and the large electric field experienced by the filament, even at low applied voltages.

Importantly, these measurements show that halide perovskite synapses maintain low

operating voltages after downscaling. We note that conductance changes can also occur

for negative applied voltages, as demonstrated in Figure 2.A.4. The device is symmetric,

but switches preferentially in the direction of the initial voltage sweep. This behavior is

consistent with the conductive filament mechanism.[45] Once the filament is formed in

one direction, the field within the device is small. Only after the rupture of the filament

can the voltage drop in the bulk of the device be large enough to grow a new filament

in the reverse direction. The preference of switching in one sweeping direction that we

show here is consistent with previous work on symmetric metal-halide perovskite-metal

devices.[44]

The conductance values at 0.02 V for the forward and the backward sweeps were calcu-

lated by dividing the measured current by this voltage (Figure 2.3b). In each of the cycles

thedevice showsa largeSON to SOF F ratio between3and5orders ofmagnitude anda low

conductance down to the nS range, which is important for the scalability of the device.[23,

24] Although the conductance in the SOF F state is consistent between cycles, there is

some variation in the conductance in the SON state. There is no clear trend of decreasing

or increasing SON with each successive cycle. Therefore, the variation is unlikely due

to degradation of the device, but probably due to a stochastic nature of the resistance

changes.[26]

The distribution of the voltages where conductance changes, the SOF F and SON state

conductance, and the SON to SOF F ratio are given in Figure 2.A.5 of the Appendix. The

voltages at which the conductance is switched on and off are 0.16 ± 0.03 V and -0.12 ± 0.06

V, respectively. Despite these low switching voltages, the device shows a remarkably high

SON to SOF F ratio of 2.7 ± 2.2 × 104.

To investigate the switching behavior, we applied a pulsed voltage. Voltage pulses

produced more gradual conductance changes, as demonstrated in Figure 2.3c. Ten con-

secutive voltage pulses of 0.1 V and 80ms in duration were applied to the device, followed
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by ten consecutive pulses with the same duration, but of opposite polarity. Themeasured

current during the application of the positive voltage pulses increased from 0.1 nA in the

first pulse to 8 nA in the tenth pulse. During the subsequently applied negative voltage

pulses, the current changed from -6 nA in the first negative pulse to -0.1 nA in the tenth

pulse, indicating a decrease in the conductance of the device. The pulsed measurement

demonstrates the change of the conductance of the device over orders ofmagnitude upon

application of a bias voltage. In addition, themeasurement shows that several conductive

states are accessible between the SON and SOF F states demonstrated in Figure 2.3b.

This tunability of the conductive state of the synapse is analogous to the tunability of the

connection strength of biological synapses, where several states are accessible depending

on the degree of potentiation of the synapse.[48]

The retention time of the SON state was determined by applying periodic 1 mV probe

pulses immediately after setting the device in the SON state. This voltage is too low to

cause conductance changes of the device, as can be observed in Figure 2.A.6a. The evolu-

tion of the conductance over time is shown in Figure 2.3d, while the full measurement is

given in Figure 2.A.6b. The conductive state does not decrease for the first 20 seconds of

the measurement, after which the conductance starts to decay to the SOF F state, which

is reached 30 seconds after the start of the measurement. Similar time constants for

changing and retention of the state of the synapse have been reported for biological

synapses.[40]

I-V curves and the corresponding SON and SOF F values at 20 mV of different devices

are shown in Figure 2.A.7. From these IV curves it follows that devices from different

batches all show similarly large conductance changes of several orders ofmagnitudewith

an onset between 200 and 400 mV, demonstrating the reproducibility of our fabrication

procedure.

One of the promises of perovskite artificial synapses is that their energy consumption

might be very low, approaching biological synapses. We reduced the voltage pulse dura-

tion to 55ms to reduce the dissipated energy during a conductance change of the synapse.

At such short time, and at the low current measured, the parasitic capacitance of our

measurement setup introduced a significant measurement artifact, as is evident when

comparing the measured data of the synapse in Figure 2.A.8a and b with data measured

without contacting the sample in Figure 2.A.8c. We therefore corrected for this para-

sitic displacement current by subtracting the current measured without contacting the

synapse from themeasured data. The corrected pulsed measurement is shown in Figure

2.4a. Themean current determined at each of the ten pulses is plotted in Figure 2.4b. The

current increased from 0.1 nA in the first pulse to 10 nA in the final pulse, similar to the
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ba

Figure 2.4: Performance characteristics of the artificial synapse. (a) Pulsed I‐V measurements with 0.1 V, 55 ms
pulses. An increase in the conductance of 2 orders of magnitude is measured between the first and tenth pulse.
The inset highlights the first two pulses of the measurement in the dotted rectangle where approximately 640 fJ
of energy is consumed to double the output current. (b) Average excitatory postsynaptic current (EPSC) at each
of the spikes in (a).

currentsmeasured for the longerpulses (Figure 2.3c). Both the exponential increaseof the

current with each successive pulse,[45] and the fact that not each pulse brings about the

same relative increase in the output current are expected for a memristive device where

the inherently stochastic growth of a filament causes changes in the conductance.[49]

Moreover, the figure again highlights that several conductive states can be accessed

between the SOF F and SON state by applying consecutive voltage pulses to the device.

Although artificial synapses based on other materials have shown a larger number of

accessible states,[20] our device still demonstrates the analog conductance changes that

are reminiscent of biological synapses.[40, 48]

The inset of Figure 2.4a and the first two datapoints in Figure 2.4b show that the conduc-

tance of the synapse is approximately doubled in the secondpulse. To calculate the energy

consumption E of this doubling of the conductance change we take the product of the

measured current I , applied voltage V and pulse duration t, E = I × V × t, yielding an

energy consumptionof 640 fJ. Considering the large two-fold increase in the conductance,

we expect that a further decrease of the energy consumption is possible by decreasing

the pulse duration or magnitude of the voltage. The energy consumption is approaching

values measured for biological synapses, which is especially promising in our scalable

device architecture that could allow for the fabrication of entire microscopic artificial

neural networks on a chip.
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2.2.3 Performance Comparison

Femtojoule energy consumptions have been reported in previous work on macroscale

halide perovskite artificial synapses,[43, 50, 51] but in those cases the energy consump-

tion of the read pulses was considered and not of the conductance change itself, as we do

here. In the final network the energy consumption of the conductance update will be a

significantly larger contributor to the total energy consumption of the synapse compared

to the read pulse.[12] In addition the energy consumption of a read pulse can be made

arbitrarily small by applying a pulsewith the shortest possible time and voltage amplitude.

We therefore think it is more appropriate to consider the energy consumption of the

conductance update when assessing the energy consumption of the synapse. We are

aware of only one work where a lower energy consumption, of tens of femtojoules, was

reported for a conductance change of a halide perovskite synapse.[52] However, in this

work devices were fabricated with a lateral architecture, which is not suitable to achieve

high device densities on the final chip.[38] Moreover, the distance between the electrodes

in this work was 100 µm. Downscaling of these devices for high device densities on a

chip will require a smaller distance between the electrodes, which will likely increase the

current and therefore energy consumption of the devices significantly.[53]

Energyconsumptionsofconductancechanges in the femtojoule rangehavebeenreported

formemristive devices based on filament growth inmetal oxides,[17] phase changemate-

rials[19] and ferroelectrics[22] as well. However, device areas were significantly smaller

in these earlier reports already. Assuming a linear decrease of the energy consumption

with decreasing device area, we estimate that for similar device areaswe can reach orders

of magnitude lower energy consumptions with our device architecture, as illustrated by

Figure 2.5a. Only three-terminal transistor versions of artificial synapses based on doping

of an organic semiconductor have been reported to reach significantly lower energy con-

sumptions for a given device area.[53, 54] Nevertheless, for these devices typically only

the drain-source current is considered when calculating the energy consumption of the

synapse, while the gate-source current due to leakage currents and capacitive charging

is ignored. Taking into account this extra contribution to the energy consumption of

the device would likely give significantly larger energy consumptions of these synapses.

Apart from that, the three-terminal architecture is less scalable due to the incompatibility

with high density crossbar arrays, unlike the simpler two-terminal architecture of the

synapse presented here.[23, 24] Moreover, the organic artificial synapses only achieved

SON to SOF F ratios of up to 1 order of magnitude,[53, 54] while the synapse in our work

reaches SON to SOF F ratios of 3 to 5 orders of magnitude. In fact, the SON to SOF F

ratio we report here is among the highest of those reported for energy-efficient artificial
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Figure 2.5: Comparison of the halide perovskite‐based artificial synapse with low‐energy consumption artificial
synapses based on other materials. Energy efficiency with respect to (a) the device area and (b) ON/OFF ratio
of the synapse compared to values reported in previous work. The error bar represents one standard deviation.
(c) Comparison of the halide perovskite‐based artificial synapse with two‐terminal low‐energy consumption ar‐
tificial synapses based on other materials in terms of several key characteristics of artificial synapses. Section
2.C of the Appendix explains how the figure was compiled.



22222

2.3. CONCLUSION | 39

synapses, as can be seen in Figure 2.5b. This high SON to SOF F ratio is important for

the accuracy of computation, in particular for further downscaled devices with lower

operating currents.[24]

It should be noted that crosstalk between devices could occur with our current device

layout if devices are implemented in high density. However, we show in Section 2.B of the

Appendix that lateral devices with a 90 nm distance between the electrodes do not show

the same changes in the resistance over orders ofmagnitude. Hence, crosstalk should not

be an issue for lateral distances of at least 90 nmbetween devices.

Figure 2.5c compares the performance characteristics of the artificial synapse presented

in this work with two-terminal artificial synapses based on the othermaterials presented

in Figure 2.5a and Figure 2.5b. Compared to the previously reported synapses, the ar-

tificial synapse presented in this work excels in terms of energy consumption and its

simultaneously high ON/OFF ratio. The halide perovskite synapse has a switching speed

on the order of tens of milliseconds and a retention time of tens of seconds. As efficient

processing of data by neuromorphic hardware requires synapses with switching speeds

and state retention times that are well-matched to those of the incoming data,[14, 55]

these synapses are well suited for processing input signals such as speech or gestures

that are received at a low rate.[56] Moreover, memristive elements with a large range of

time constants for switching and state retention are required to design neuromorphic

circuits that efficiently emulate the different forms of plasticity in the brain and to enable

both learning and remembering of information by the same network.[12, 25, 26, 56] The

synapsewepresenthere thereforenicely complementsmetal oxide resistive switching,[17,

18] phase change[19, 20] and ferroelectric[21, 22] synapses for which faster switching

speeds and longer retention timeswere reported.

2.3 Conclusion

In conclusion, we have described an artificial synapse with an energy consumption as

low as 640 fJ, high ON/OFF ratio, with time constants for switching and state retention

that are similar to those of biological synapses and that are complementary to existing

downscaled artificial synapses based on other materials. Additionally, the synapse

retained the low switching voltages and large conductance changes when scaled down,

which proves that halide perovskite based artificial synapses can be scaled effectively

at least to the microscale. This device is enabled by a UV-lithography procedure to

fabricate back-contacted halide perovskite artificial synapses on the microscale. The

back-contacted architecture allows deposition of the halide perovskite material in the
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final step and thereby prevents degradation of the perovskite layer. Further downscaling

of the device might reduce the energy consumption even further, potentially making the

halide perovskite synapse the most energy efficient of all existing two-terminal devices.

Moreover, the large conductance changes up to five orders ofmagnitude, large resistance

up tohundredsofmegaohmscombinedwith the low 100mVoperating voltageand simple

two-terminal architecturemake the synapse promising for integration in dense crossbar

arrays.

2.4 Materials and Methods

2.4.1 Materials

Si wafers were purchased from Siegert Wafer. PbI2 (99.99%) was purchased from TCI.

Methylammonium iodide (MAI) was purchased from Solaronix. Anhydrous DMF and

chlorobenzene were purchased from Sigma-Aldrich. 950 PMMA A8 was purchased from

Kayaku AdvancedMaterials. All materials were usedwithout further purification.

2.4.2 Fabrication of the back‐contacted artificial synapse

Devices were fabricated on Si wafers with a 100 nm thermal oxide layer. Gold bottom

electrodes were patterned on the wafer with a lift-off procedure with MA-N1410 photore-

sist. UV exposure with a Süss MA6/BA6 mask aligner was followed by development in

MA-D533/s. A 5 nm Cr adhesion layer and an 80 nm Au electrode layer were deposited

on the patterned resist by e-beam physical vapor deposition. Lift-off was then performed

by soaking in acetone for one hour. A 60 nm SiO2 was deposited from a O2 and SiH4 gas

mixture using ICPCVD in anOxford PlasmaPro100 ICPCVD system. Gold top contactswere

patterned using the same procedure as for the bottom electrodes. After patterning of the

top electrodes, the SiO2 layer was etched in an Oxford Plasmalab 80 Plus system with an

Ar and CHF3 gasmixture, using the top electrodes as a hardmask.

Inside a nitrogen filled glovebox (< 0.5 ppm O2 and water), a stoichiometric mixture of

PbI2 and MAI was dissolved in DMF to obtain a 40 wt% MAPbI3 precursor. The precursor

was spin coated over the electrodes at 4000 rpm for 30 seconds in the same glovebox.

Chlorobenzenewasaddedas anantisolvent after 3 secondsof spinning. Directly after spin

coating, the samples were annealed at 100 °C for 10 minutes. The 950 PMMA A8 solution

was spin coated on top of the halide perovskite at 3000 rpm for 45 seconds, followed by a

5minute bake at 100 °C.
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2.4.3 Fabrication of lateral devices

Lateral devices were fabricated following the same procedure as for the back-contacted

devices, but using an e-beam lithography procedure to pattern an ARP 6200 resist layer.

A Raith Voyager lithography systemwas used to pattern the electrodes, wires and contact

pads. The same subsequent metallization, lift-off and halide perovskite spin coating pro-

cedures were followed as for the back-contacted devices.

2.4.4 MAPbI3 film characterization

X-raydiffractionmeasurementswereperformedonaBruckerD2PHASERwith a 1.54184Å

CuKα source using a 2θ = 0.025° step size and a 0.100 second exposure time per step. SEM

images were taken on a FEI Verios 460 with a 5.00 kV acceleration voltage and a 100 pA

beam current.

2.4.5 Electrical characterization

I-V curves between -0.2 and 0.2 V were measured with a Keithley 4200A-SCS Parameter

Analyzer. Voltage pulses were applied with a Keysight B2902A Precision Source/Measure

Unit. Pulses of 100mV and a 80 to 55 ms pulse width were applied to change the conduc-

tivity of the device. For retention time measurements, 600 ms 1 mV pulses were applied

after setting the conductivity of the device to read out the conductive state.
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Figure 2.A.1: Characterization of the spin‐coated MAPbI3 film. (a) XRD pattern of the film. Each peak is anno‐
tated with the assigned crystal plane of the MAPbI3 lattice. We attribute the peak indicated with the asterisk
to the (001) plane of PbI2. (b) SEM image of the film, indicating that the crystallites in the film are between 100
and 500 nm in diameter.
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Figure 2.A.2: I‐V sweep between 0 and 3 V of the device without a perovskite layer. The current remains at the
resolution limit of the measurement setup over the whole voltage range.

Figure 2.A.3: The I‐V sweep of cycle 8 in Figure 2.3a, plotted on a linear scale. The region from the backwards
sweep after the conductance changewas fittedwith Ohm’s law. The obtained fit corresponded to a conductance
of 133 µS and is shown as the dashed green line. The fact that the region is described well by Ohm’s law (R2 =
0.99) suggests that the conductance change is caused by the formation of a conductive filament in the perovskite
film.
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Figure 2.A.4: I‐V sweep of the device with higher voltage amplitudes compared to Figure 2.3 of the main text.
After setting and resetting the device at voltages similar to those in Figure 2.3, the conductance of the device
increases rapidly for the negative sweeping direction as the voltage is further increased in the negative direction.

ON/OFF = 2.7 ± 2.2 x 104S    = 4.9 ± 5.3 x 10-9 S
OFF

S   = 1.1 ± 0.8 x 10-4 S 
ON

a

V    = - 0.12 ± 0.06 V
OFF

V   = 0.16 ± 0.03 
ON

b

c d

Figure 2.A.5: Statistical analysis of the conductance changes of the synapse, based on the 35 I‐V curves in Figure
2.3a in themain text. (a)Histogram of the voltages at which the current switches to over (VON ) or below (VOF F )
10−8 A, with the corresponding fit to a normal distribution, mean and standard deviation. The cumulative
probability (b) and the histogram, with fits to a log‐normal distribution, the mean and standard deviation (c)
of the different SOF F and SON states. (d) A histogram of the SON /SOF F ratio, with a fit to a log‐normal
distribution, the mean and standard deviation.
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a b

Figure 2.A.6: Retention time measurements of the synapse. (a) A constant potential of 1 mV is applied to the
synapse for 300 seconds, which does not lead to any measurable change in the conductance. (b) Pulsed mea‐
surement where the conductance of the halide perovskite artificial synapse is tracked by applying periodic 1 mV
pulses to the device, after an initial 200 mV pulse train to set the device in the SON state. The inset shows the
pulsed measurement in the dotted rectangle after the initial 25 seconds.
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a b

c d

Figure 2.A.7: I‐V curves of artificial synapses from different batches. (a) The average (blue) of five I‐V curves
(grey) measured from a device different to the one in the main text. The I‐V curves demonstrate a similar rapid
increase in the current at approximately 300 ‐ 400 mV as shown in Figure 2.3a. (b) The conductance in the
forward (SOF F ) and backward (SON ) sweep, calculated from the current measured at 0.02 V in the I‐V sweeps
in (a). (c) I‐V curves of three devices from different batches and (d) the conductance in the forward (SOF F ) and
backward (SON ) sweep, calculated from the current measured at 0.02 V for each of the three devices. All curves
show a similar rapid increase in the current, with an onset between approximately 200 and 350 mV, with a large
conductance change of two to three orders of magnitude.



22222

2.A. ADDITIONAL INFORMATION | 47

a b

c

Figure 2.A.8: Uncorrected pulsed I‐V data. (a) The full pulsed measurement, consisting of ten consecutive 0.1
V pulses of 55 ms in duration. (b) The first two pulses of (a). (c) Pulsed measurement without contacting the
sample.
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2.B Considering crosstalk distance for high integration densities

At high integration density, crosstalk between neighboring devices might occur by for-

mation of a conductive filament between top and bottom electrodes of two different,

closely spaced devices. Taking into account that no switching occurs at 1mV for a distance

between the electrodes of 60 nm, it follows that there is no cross-talk of this type between

devices so long as the electric field strength stays belowapproximately 17 kV/m. Assuming

a uniform electric field between the electrodes so that E = V
d , where E is the electric

field strength, V is the applied voltage and d is the distance between the electrodes, and

assuming an operating voltage of 100mV for each individual device, this implies that the

distance between the devices would have to be 6 µm, or 100 times the distance between

the electrodes of an individual device to prevent crosstalk. However, this consideration is

relevant for vertical integration, yet in pracrtical devices the horizontal direction is more

relevant for potential crosstalk.

To investigate horizontal crosstalk for densily integrated devices, we fabricated a lateral

electrode devicewith 1 µmwide electrodeswith a gap size of 90 nm (Figure 2.B.1a), compa-

rable to the distance between the electrodes of the device in the main text. Interestingly,

hysteresis was observed for the device, as shown in Figure 2.B.1b, but this hysteresis was

similar to the hysteresis that is typically reported for halide perovskite solar cells.[57]

No abrupt changes in the current over orders of magnitude was observed, even when

applying potentials up to 5 V. The difference in the response between horizontally and ver-

tically oriented devices might be explained by the preferential migration of ions at grain

boundaries,[58] and the consequential preferential formation of conductive filaments

at these grain boundaries.[59] Although more measurements are required to confirm

the limit of the lateral distance between devices to avoid crosstalk, this measurement

shows that crosstalk over a distance of 90 nm would not be significant compared to the

resistance changes of the device presented in themain text. At 90 nm distance, very high

device densities can be reached.
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1 µm

a b

Figure 2.B.1: I‐V sweep of a lateral device. (a) SEM image of the lateral electrodes with a width of 1 µm and a
90 nm gap. (b) I‐V sweep of the lateral device after spin coating of MAPbI3 and PMMA. No abrupt changes of
the resistance over orders of magnitude is measured for the lateral device, even when applying up to 5 V.

2.C Compilation of Figure 2.5

To indicate the performance of our halide perovskite artificial synapse, we compared

the energy consumption, ON/OFF ratio, retention time, switching speed and multilevel

operation from the references in Figure 2.5a and b on energy-efficient artificial synapses

with those of our synapse. The data we used to score the different devices is summarized

in Table 2.C.1. For Figure 2.5a and b in the main text, we plot the energy consumptions

listed in Table 2.C.1 with respect to the reported device area and ON/OFF ratio. The exact

device area of our device is difficult to define due to the arc-shaped electric field drop

indicated in Figure 2.1, which is why we take the 2.5 x 2.5 µm2 footprint of our device as

an estimate. A linear decrease in energy consumption is expected as the device area

is decreased further, due to the reduction in operating current. We indicate this linear

decrease with the dashed line in Figure 2.5a. We note that taking a larger area for our

device area to account for an electric field that extends further out from the electrodes

would shift thedata point for our device further to the right in the figure,without changing

the trend in decreasing energy consumptionwith device area.

In Figure 2.5c we compare our device performance to that of the devices reported in

the references in Figure 2.5a and b. Retention times were not listed in the case of the

phase change and ferroelectric devices. We therefore estimated the retention time based

on other works on the same materials. Ge2Sb2Te5-based phase change devices show

similar retention times as the filamentary-type devices for the fully off and on states.

However, there is typically considerable drift in the conductance of intermediate states
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at much shorter timescales of tens to hundreds of seconds.[60] Their retention time was

therefore scored lower than that of the filamentary type devices. For the ferroelectric

devices, previous retention times on the order of 104 seconds at room temperature were

reported.[61]

To assess the scalability of the different devices, we considered that the filamentary and

phase change devices have already been implemented with sizes below a square micron.

The filamentary-type devices were scored lower because of the relatively high ON-state

conductance, which limits the maximum amount of devices that can be operated in

parallel in crossbar arrays. The ferroelectric devices were scored lower because of con-

cerns about the depolarization of oxide perovskite ferroelectric layers below a critical

thickness,[62] as well as the non-uniform polarization on the nanoscale for HfO2-based

devices.[63] We scored our device based on the high resistance, ease of further down-

scaling by further reducing the thickness of the electrodes and our initial data showing

that the devices can be fabricated with a distance between devices below 100 nmwithout

introducing significant crosstalk.

Table 2.C.1: Data on which the radar chart in Figure 2.5c in the main text is based.

Device type Energy con‐
sumption

ON/OFF
ratio

Retention time Switching
speed

Number
of acces‐
sible
states

Reference

Filamentary 100 fJ 10 ≥105 s at 250 °C 10 − 100 ns 2 [17]
Filamentary 6 pJ 103 ≥7200 s at 100 °C 10 − 30 ns 10 [18]
Phase change 1 pJ 103 not listed 250 ns ∼ 100 [19]
Phase change 2 − 50 pJ 104 not listed 50 ns ∼ 100 [20]
Ferroelectrics ∼ 15 pJ 300 not listed 10 − 200 ns ∼ 100 [21]
Ferroelectrics 1.8 pJ 5 not listed 100 ns ∼ 10 [22]
Our work 640 fJ 104 30 s 55 ms ∼ 10 ‐
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3
Microscale Artificial Neurons

Abstract

Hardware neural networks could perform certain computational tasks orders of magni-

tude more energy-efficiently than conventional computers. Artificial neurons are a key

component of these networks and are currently implemented with electronic circuits

based on capacitors and transistors. However, artificial neurons based on memristive

devices are a promising alternative, owing to their potentially smaller size and inherent

stochasticity. But despite their promise, demonstrations of memristive artificial neurons

have so far been limited. Here we demonstrate a fully on-chip artificial neuron based

on microscale electrodes and halide perovskite semiconductors as the active layer. By

connecting a halide perovskite memristive device in series with a capacitor, the device

demonstrates stochastic leaky integrate-and-fire behavior, with an energy consumption

of 20 to 60 pJ per spike, lower than that of a biological neuron. We simulate populations of

our neuron and show that the stochastic firing allows the detection of sub-threshold in-

puts. Theneuroncaneasily be integratedwithpreviously-demonstratedhalideperovskite

artificial synapses in energy-efficient neural networks.

This chapter is based on: De Boer, J. J. & Ehrler, B. Integrated artificial neurons frommetal halide
perovskites. Materials Horizons 12, 2701–2708 (2025)



3333333

58 | 3. MICROSCALE ARTIFICIAL NEURONS

3.1 Introduction

Artificial intelligence-based systems have seen a rapid increase in their capabilities in a

wide range of tasks, such as natural language processing,[1] image recognition,[2, 3] and

strategizing.[4, 5] The increase in the performance of these systems is accompanied by an

exponential increase in the computational power, and thus the energy consumption.[6]

Neuromorphic computing addresses this issue by implementing neural networks in

hardware, lowering the required energy by orders of magnitude compared to conven-

tional computers.[7] Neuromorphic chips rely on twomain components for computation:

artificial neurons,which integrate incoming signals and fire a voltagepulseupon reaching

a threshold, and artificial synapses, which determine the connection strength between

neurons. Ideally, both components can be integrated into a single chip in a dense arrange-

ment to enable large-scale artificial neural networks. Both the neurons and synapses are

typically implemented with electronic circuits composed of transistors and capacitors.[8]

On the other hand, implementations that use memristive elements, which change their

resistance based on an applied voltage, can bemore compact and highly energy efficient,

making them an attractive alternative.[9] Much research has gone into developing ar-

tificial synapses that directly use the resistance change of a memristive element as a

proxy for connection strength.[9–12] Memristive elements also show promise for use in

artificial neurons, because of the inherent stochasticity in their resistance changes.[13]

This inherent stochasticity of memristive neurons can be leveraged for better signal

representation,[14, 15] or more efficient probabilistic computing than would be possible

with deterministic neurons.[16] Nonetheless, applying memristive elements in artificial

neurons ismore complex and has beenmuch less explored compared to their application

in synapses.

Here, we demonstrate a simple memristive neuron based on a halide perovskite mem-

ristive element. Metal halide perovskites are semiconducting compounds that efficiently

conduct both electronic and ionic charge carriers.[17] The efficient ion conduction in

halide perovskites readily induces hysteresis, which was previously exploited to make

energy-efficient artificial synapses.[18–20] While various halide perovskite artificial

synapses have been reported, only one halide perovskite neuron has been experimentally

demonstrated before.[21] However, this previous implementation used off-chip circuitry

to implement signal integration and neuron-like spiking, making scaling difficult. We

connect a microscale volatile halide perovskite memristive device in series with a capaci-

tor. The series capacitor applies a reverse bias on the memristive element after spiking

of the neuron, which aids in resetting the memristive element after each spike. This
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makes our neuron design more robust against non-reversible resistance changes of the

memristive component than designswith a series resistor,[22, 23] or capacitor connected

in parallel.[16, 24, 25] Because our design consists of only two components, the neuron

is also more easily scalable than implementations that require more complex circuitry

besides the memristive element.[14, 26, 27] Moreover, the efficient ion conduction of

halide perovskites allows an operating voltage of hundreds of millivolts, lower than

in previous memristive neurons which is favorable for low energy consumptions. We

fabricate our crosspoint neurons with a previously developed procedure that prevents

degradationof thehalide perovskite layer during lithography.[19]Ourneuron is integrated

fully on-chip without the need for external circuitry to emulate neuron functionality. In

that way, the device architecture of our halide perovskite memristive device lends itself

to further downscaling and the neuron could be easily integrated with halide perovskite

artificial synapses that we have demonstrated before to form artificial neural networks

with ultralow-energy consumption.[19]

3.2 Results and Discussion

3.2.1 A volatile resistive switch

Artificial neurons can be fabricated from a resistive switch that shows rapid, highly

volatile switching connected in series with a capacitor.[28] Thereby, successive voltage

pulses eventually switch thememristive element to the low resistance state, charging the

capacitor (firing). Then, the charged capacitor reverse-biases the memristive element,

switching it off again. We use a resistive switch that comprises of methylammonium lead

triiodide (MAPbI3) as the active layer, and a gold and silver contact as the bottom and top

contact respectively (Figure 3.1a and Methods Section 3.4). The 2.5 µm wide contacts are

arranged in an overlapping back-contact geometry, where the two contacts are orthogo-

nally placed on top of each other with an insulating spacer layer of SiO2 in between. All

lithographic processing steps are therefore performed before the perovskite deposition.

The compact, dense structure lends itself to downscaling.[19] This resistive switch shows

a unipolar behavior with a clear threshold voltage of about 0.3 V, where the resistance

rapidly changes by four orders of magnitude from approximately 1 GΩ to 100 kΩ (Figure

3.1b). This resistance change is maintained for a short period only after switching off the

voltage pulse, about 125 ms in the case of Figure 3.1c, a requirement for the fabrication of

an artificial neuron. A histogram of retention times based on 40 measurements is given

in Figure 3.A.2. In no case is the retention timemore than 500ms.

The resistance changes of the resistive switch are stochastic in nature, as is apparent from
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Figure 3.1: A volatile halide perovskite resistive switch. (a) Optical microscopy image of the cross‐point formed
by the gold and silver electrodes before deposition of the halide perovskite layer, with a schematic image of the
full resistive switching device. A gold bottom electrode and silver top electrode sandwich an SiO2 insulating
layer. Halide perovskite is spin‐coated over the electrodes and forms the active layer of the device. (b) I‐V curve
of the device, measured between −0.5 and 0.5 V. The measured current increases by approximately 4 orders of
magnitude at 0.3 V. The device returns to the initial high‐resistive state as soon as the voltage is reduced to 0
V again and shows symmetric resistive switching properties in the negative poling direction. (c) Retention time
measurement of the resistive switch. The resistance increases to that of the device in the high resistance state
after approximately 125 ms. The full measurement is given in Figure 3.A.1.
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the histograms of the time to switch after applying the voltage pulse in Figure 3.A.3a, b,

and c and their corresponding fit with a Poisson distribution. Such a Poisson distribution

for the switching time is expected for resistive switches that change their resistancedue to

stochastic formation and destruction of conductive filaments.[13]Wenote that resistance

change can also occur for the same device but without the MAPbI3 layer, as illustrated by

Figure 3.A.4. The switching then happens at about 10× higher voltages. It has previously

been shown that silver filaments can form in SiO2 layers,[29] and the resistance changes

therefore likely occur due to filament formation through the SiO2 spacer between the Ag

and Au electrodes. Thus, the role of the halide perovskite layer in the final device is to

strongly facilitate the formation of these Ag filaments, enabling lower voltage operation

and thereby reducing the energy consumption of the device.

3.2.2 A stochastic neuron

To turn this resistive switch into an artificial neuron, it needs to be connected to a ca-

pacitor. We implement this on-chip by connecting the resistive switch in series with a

300 pF capacitor that is formed by the Au bottom contact, the thermal SiO2 layer and the

highly-doped Si substrate, as shown in Figure 3.2a. With such a connection, the operation

of the neuron follows three key steps, depicted in Figure 3.2b. In the first step, stimulation,

the input voltage pulse experiences a resistive switch with high resistance. Therefore,

every voltage pulse deposits only a small amount of charge on the capacitor, insufficient

to build up significant voltage. After several pulses, the resistance of the resistive switch

will promptly change to the low resistive state. At that point, the second step (firing)

is initiated. The capacitor is quickly charged and the charge on the capacitor sets up a

voltage that opposes the input voltage. The third step (resetting) is initiated when the

applied voltage is removed. The capacitor discharges through the resistive switch, causing

the resistive switch to return to the high resistive state, and the cycle can restart.

Figure 3.2c shows the experimental realization of the spiking of the artificial neuron. A

33 Hz, 750 mV pulse train is applied to the device and the voltage across the capacitor is

measured. We observe firing pulses on the capacitor after one to three applied pulses.

Fitting of the charging and discharging of the capacitor in Figure 3.A.5a and b reveals that

the resistance of the resistive switch is reduced to 1 to 4 MΩ duringmost firing steps. The

resistance obtained from the fit is higher than the 100 kΩ obtained in the voltage sweep

in Figure 3.1b, indicating that the device has not fully switched to the low resistance state.

The voltage drop over the resistive switch is gradually reduced as the filament is forming

and the capacitor is charged, leading to only partial formation of the filament. This partial

formation of the filament further aids the volatility and energy efficiency of the device.
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Figure 3.2: Operation of the artificial spiking neuron. (a) The neuron is constructed by connecting thememristive
part of the device, consisting of the gold bottom electrode, silver top electrode and the MAPbI3 layer, with the
capacitor formed by the gold electrode and contact pad, the 100 nm thermal SiO2 layer and the highly doped
Si substrate in series. (b) Schematic representation of the three stages of the operation of the neuron. Upon
application of a voltage, the device first undergoes a “stimulation” phase, where there is no significant voltage
build‐up on the capacitor due to the high resistance of the memristive part of the device. After enough voltage
has been applied to the device, the memristive device switches to the low‐resistance state and the capacitor
is rapidly charged, causing a voltage buildup on the capacitor, i.e. “firing” of the neuron. When the applied
voltage is removed, the capacitor discharges. This reverse‐biases the resistive switch, aiding the disruption of
the conductive filament, called the “resetting” process. (c)A pulsedmeasurement of the artificial neuron. A pulse
train of 5 ms, 0.75 V pulses are applied with a 33 Hz frequency, resulting in firing spikes on the capacitor.
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During discharging of the capacitor in the resetting step, a resistance of approximately 10

MΩ is extracted,which corresponds to the input impedance of the oscilloscope. Assuming

that the resistive switch is brought back to its 1 GΩ high resistance state during the reset-

ting step, the oscilloscope provides a lower resistance discharge path for the capacitor,

which is a limitation of our currentmeasurement setup (see Figure 3.A.5c).

The capacitive discharge fit immediately corresponds to the oscilloscope impedance

(Figure 3.A.5a), from which we conclude that the resistive switch is reset as soon as the

bias is removed, at least on the timescale of themeasurement. No firing pulsesweremea-

sured if the halide perovskite layer was omitted, as shown in Figure 3.A.6. The resistance

changes that underlie the spiking behavior of the neuron, therefore, occur through the

halide perovskite layer at these lowapplied voltages. Figure 3.A.7 shows that the stochastic

spiking of the neuronwas reproducible overmultiplemeasurements.

3.2.3 Stochasticity for improved signal encoding

The firing pattern of the neuron is stochastic in nature, which is expected from the un-

derlying stochastic switching mechanism of the resistive switch. Similar to the resistive

switch itself, Figure 3.A.8a shows that the time under bias before spiking of the neuron

follows a Poisson distribution, with amean of 6.9 ms for the 0.75 V pulses. This stochastic

switching is also observed in biological neurons and can have advantages compared to

purely deterministic neurons.

To demonstrate this advantage we use the experimentally obtained mean switching

time and resistances to model the behavior of the stochastic neuron. We compared the

simulated stochastic neuron to a hypothetical deterministic neuron with a deterministic

threshold of the same time constant (6.9 ms) to determine the ability of stochastic and

deterministic neurons to represent the input voltage pulse train. Modeling of the neuron

is discussed inmore detail in Section 3.B in the Appendix.

Figure 3.3a shows the simulated spiking behavior of a stochastic and a deterministic neu-

ron. The spiking of the simulated stochastic neuron is similar to that in themeasurement

shown in Figure 3.2c. The simulated deterministic neuron, on the other hand, spikes at

regular intervals.

To achieve more biologically plausible, robust, and accurate spiking neural networks,

neurons are typically implemented in populations.[14, 15] In these networks, input signals

are fed into the neurons in the populations and their collective output is collected as

a population code. Figure 3.3b shows a simulation of populations of 100 stochastic or

deterministic neurons. While the spikes of the stochastic neurons are distributed over
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Figure 3.3: Simulations comparing the stochastic spiking of the neuron with a hypothetical deterministic version
of the neuron. (a) Comparison of a simulated stochastic and deterministic spiking neuron, with the same input
as in Figure 3.2c. Similar spiking behavior is obtained for the simulated and experimentally measured stochastic
neurons. The deterministic neuron always spikes after a cumulative 6.9ms of bias has been applied. (b) Simulated
spiking behavior of populations of 100 stochastic and deterministic neurons. Ten voltage pulses are applied in
the simulation with the same pulse duration, length, and magnitude as (a). Blue‐shaded regions indicate the
application of the 750 mV pulses, while the red marks indicate spiking by the neuron. While the deterministic
neurons all spike at the same time, spiking by the stochastic neurons is distributed more evenly throughout the
applied pulses. (c) The population codes obtained for each applied pulse in (b). We define the population code
as the cumulative amount of spikes output by the population. For the deterministic population, the population
code increases with each even number of applied pulses, while the stochastic population shows a more gradual
increase with each applied pulse. (d) The representation error of deterministic and stochastic populations as
a function of the population size, averaged over 1000 simulations. Deterministic populations have the same
representation error regardless of their size. The representation error of the stochastic neurons decreases as
the population size increases. The representation error of the stochastic populations is lower for population
sizes of 11 or more neurons. The blue shaded region indicates one standard deviation.
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all input voltage pulses, the deterministic neurons spike uniformly roughly each second

input pulse.

From the simulations of the stochastic and deterministic neuron populations, we calcu-

late thepopulation code as the cumulative amount of spikes output by the total population

after each successive input pulse, Figure 3.3c. The population code for the deterministic

populations increases stepwise, showing that the stochastic neurons can better distin-

guish different numbers of applied pulses, i.e., they can better encode or represent the

input. This process by which stochastic neurons can pick up on sub-threshold signals

is called “stochastic resonance”. Biological neurons, which are also stochastic, rely on

stochastic resonance to detect otherwise sub-threshold signals.[30]

To study the effect of population size on the reliability of signal detection, we simulated

population codes for populations of 1 and up to 100 neurons and computed a signal

representation error for each population size, see Figure 3.3d. Section 3.B in the Ap-

pendix explains how the representation error was determined. This representation error

measures how well the population can encode and distinguish between different inputs.

The representation error is initially larger for small populations of stochastic neurons

compared to deterministic ones. However, the error rapidly decreases as the population

size increases and drops below that of the deterministic neurons for relatively small pop-

ulation sizes of 11 ormore stochastic neurons. These results are in linewith previouswork

where the samebenefit was found for stochasticity in artificial neuron populations.[14, 15]

3.2.4 Tunability of the neuron response

Experimentally, the neurons are stochastic, but the stochasticity is tunable. The spiking

behavior of the neuron can be tuned by changing the parameters of the input voltage

pulses. As shown in Figure 3.4a, the neuron outputs spikes with a higher probability for

each input pulse if the frequency of the incoming pulses is increased. On the other hand,

a lower input pulse frequency in Figure 3.4b leads to no spiking of the neuron, which is

a clear demonstration of the leaky behavior of the neuron. Another demonstration of

the leaky-integrate-and-fire behavior of the neuron is given in Figure 3.A.9. Increasing

the pulse duration to 7.5 ms leads to firing with each applied voltage pulse, whereas 2 ms

pulses applied with the same frequency do not lead to spiking of the neuron.

Changing the voltage also provides a way to change the firing pattern of the neuron.

When the neuron is integrated in full networks, this would be equivalent to connecting

the neuron through synapses with a low connection strength, i.e. a high resistance. The

measurement in Figure 3.4c illustrates that a lower voltage drop over the neuron due to a
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Figure 3.4: Tunability of the firing of the neuron. (a) Increasing the frequency of the incoming voltage pulses to
50 Hz leads to a higher firing probability with each input pulse. (b) At a lower frequency of incoming voltage
pulses of 20 Hz the neuron does not fire. (c) A lower input voltage of 400 mV, corresponding to connection of
the neuron through high resistance synapses, leads to no firing of the neuron.

resistive artificial synapse leads to no spiking of the neuron. Our spiking neuron therefore

shows the leaky-integrate-and-fire behavior and synaptic strength-dependent spiking



3333333

3.3. CONCLUSION | 67

properties required for constructing neuromorphic hardwarewith the synapse.

Theenergyconsumptionof the firingpulses canbecalculatedbyE = 1
2 ×C × V 2, withC

the capacitance of the on-chip capacitor andV the voltage of the firing pulse, which yields

anenergy consumptionper firingpulse between20 to60pJ . This is already lower than the

energy consumedby a biological neuron (on the order of 100 pJ),[31] and artificial neurons

that have been implemented in hardware spiking neural networks before,[32] even in this

early adaptation. More energy-efficient silicon artificial neurons that were demonstrated

before have not yet been implemented in full networks.[33] In addition, neurons based

on electronic circuits of traditional transistors and capacitors require a large number of

these components,[8, 33] making the circuits bulky and therefore limiting the maximum

density that can be reached on the final chip. In contrast, our design consists of only

two components and could therefore be incorporated in higher densities more easily.

Moreover, there is no detectable voltage build-up on the capacitor during the stimulation

step before firing, meaning that the energy consumption per spike can be reduced by

reducing the capacitance of the capacitor without negatively influencing the functioning

of the neuron. We discuss further scaling effects in Section 3.C in the Appendix.

Biological neurons are sensitive to input signals of similar frequencies that we use in this

work.[34] Although these frequencies are significantly lower than that of conventional

computers, the different way that information is processed in neuromorphic networks

still allows for efficient computation. In fact, neuromorphic networks require synapses

and neurons that have time constants that are well-matched to their input for efficient

computation. Thus, interfacing with the natural world, e.g. for learning from visual input,

requires operating frequencies similar to those we use here.[7, 35] These time constants

can be difficult to achieve with CMOS-based neuromorphic hardware.[36] Our neuron

therefore provides a convenient alternative that is natively capable of operating at these

frequencies. The ability to incorporate these neurons and the corresponding artificial

synapses on flexible substrates could allow for novel application areas, including soft

robots or even in combination with biological tissue. In addition, ion conductivity and

corresponding resistance changes of halide perovskites can be tuned by light stimula-

tion.[37] Perovskite neurons could therefore also open up new possibilities of hybrid

electronic-photonic neuromorphic hardware, such as low-power smart sensors.

3.3 Conclusion

Inconclusion,wehavedemonstrated the first fullyon-chiphalideperovskiteartificialneu-

ron. The neuron consists of only two components, which lends itself well to high-density
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integration, and shows clear leaky-integrate-and-fire behavior, important for integration

in neuromorphic hardware. The spiking of the neuron is stochastic, similar to biological

neurons, yet with a lower energy consumption per spike between 20 to 60 pJ. The stochas-

tic spiking of the neuron is beneficial for detecting sub-threshold input, similar to biologi-

cal neurons. The energy consumption of the neuron could be further reduced by lowering

the capacitance of the capacitor. The similarity in device architecture of this artificial neu-

ron to the downscaled artificial synapses ofMAPbI3 that we have shown before,[19] allows

easy implementation of energy-efficient all-halide perovskite neuromorphic hardware.

3.4 Materials and Methods

3.4.1 Materials

Heavily p-doped Si wafers (1-5 Ω cm resistivity) were purchased from Siegert Wafer. PbI2
(99.99%)waspurchased fromTCI.Methylammonium iodide (MAI)was purchased fromSo-

laronix. Anhydrous DMF and chlorobenzene were purchased from Sigma-Aldrich. 950

PMMAA8was purchased fromKayaku AdvancedMaterials. All materials were used with-

out further purification.

3.4.2 Fabrication of the on‐chip artificial neuron

Devices were fabricated using a similar procedure as described before.[19] The artificial

neurons were fabricated on heavily p-doped Si wafers with a 100 nm thermal oxide layer.

Gold bottom electrodes were patterned on the wafer with a lift-off procedure using MA-

N1410 photoresist. UV exposurewith a SüssMA6/BA6mask alignerwas followed by devel-

opment in MA-D533/s. A 5 nm Cr adhesion layer and an 80 nm Au electrode layer were

deposited on the patterned resist by e-beam physical vapor deposition. Lift-off was then

performed by soaking in acetone for one hour. A 60 nm SiO2 layer was deposited from

a O2 and SiH4 gas mixture using inductively-coupled plasma-enhanced chemical vapor

deposition (ICPCVD) in an Oxford PlasmaPro100 ICPCVD system. Silver top contacts were

patterned using the same procedure as for the bottom electrodes. After patterning of the

top electrodes, the SiO2 layerwas etched in anOxfordPlasmalab80Plus systemwith anAr

and CHF3 gasmixture, using the top electrodes as a hardmask.

Inside a nitrogen-filled glovebox (< 0.5 ppm O2 and water), a stoichiometric mixture of

PbI2 and MAI was dissolved in DMF to obtain a 40 wt% MAPbI3 precursor. The precur-

sor was spin coated over the electrodes at 4000 rpm for 30 seconds in the same glovebox.

Chlorobenzenewasaddedas anantisolvent after 3 secondsof spinning. Directly after spin
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coating the samples were annealed at 100 °C for 10 minutes. The 950 PMMA A8 solution

was spin coated on top of the halide perovskite at 3000 rpm for 45 seconds, followed by a

5minute bake at 100 °C.

3.4.3 Electrical characterization

I-V curves between−0.5 and 0.5 V and the retention time of the low resistance state were

measuredwith a Keysight B2902A Precision Source/Measure Unit.

Artificial neuronmeasurements were performed by applying voltage pulses between the

heavily p-doped Si substrate and the silver top-electrode with a Rigol DG1062Z arbitrary

waveform generator, whilemeasuring the voltage between the gold bottom electrode and

theSi substratewith aPicoScope6402Coscilloscope. Thedatawas smoothedusing amov-

ing averagewith a 5 point subset, corresponding to a 20µs timewindow. Afterward, 50Hz

noise from the AC power supply was removed using a fit to a sine wave with a 50 Hz fre-

quency. Raw versions of the figures in the main text are given in Figure 3.A.10 and show

that themeasured signal is not affected significantly by the noise removal.
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3.A Additional information

Figure 3.A.1: Retention time measurement of the resistive switch. A 500 mV pulse is applied to the device to
bring the device to the low resistance state. After approximately one second, the resistance of the device rapidly
drops. The measurement setup then reduces the applied voltage to ensure that the set compliance current of
10 µA is not exceeded. After 4.5 seconds, the voltage is reduced to 10 mV to measure the evolution of the
resistance over time. The inset shows a zoom‐in on the region in the dotted rectangle, corresponding to the first
hundreds of milliseconds after the potential is reduced to the 10 mV read‐out voltage.

Figure 3.A.2a gives a histogramof retention times based on 40measurements. The device

is set to the high-conductive state by applying 500mV, with the compliance current set to

10µA. The retention timewasmeasuredbyapplying 1mVof constantbias. In several cases,

the device reset to the low-conductance state within the integration time of themeasure-

ment setup (about 25 ms). An example of such a measurement is given in Figure 3.A.2b.

Thesemeasurements were binned in the first bin (between 0 and 0.05 s) of the histogram

in Figure 3.A.2a. The retention timewas under 500ms for all casesmeasured.
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a b

Figure 3.A.2: Analysis of retention times of the resistive switch. (a) Histogram of 40 retention time measure‐
ments. (b) Example of a measurement where the retention time was less than the integration time of the mea‐
surement setup, so only a discharge of the parasitic capacitance is measured. Although the exact retention time
of these measurements could not be determined, they were added to the first bin of the histogram to still give
an accurate representation.

a

c d

b

Figure 3.A.3: Histogram of the switching time for a switching event of the halide perovskite memristive device
under an applied voltage of 150 (a), 200 (b), and 250 mV (c), with a fit based on a Poisson distribution. The
means obtained from the fits are given in their respective figures. (d) A fit of the means obtained in the previous
subfigures to the listed exponential function to extract the fitting parameters.
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Figure 3.A.4: Resistive switching of a device without the halide perovskite layer. Resistive switching also occurs
through the SiO2 spacer, albeit at higher voltages than for the device with a halide perovskite layer.

The probability of a resistance change of the memristive device upon the application of a

voltage follows a Poisson distribution, as is evident fromFigure 3.A.3a, b, and c. The forma-

tionof conductive filaments inmemristive devices requires hoppingof ions by a thermally

activated process, which introduces this stochasticity. Random fluctuations are not aver-

aged out according to the law of large numbers due to the small amount of ions needed

to form the nanoscale filament. Previous work has described this Poisson behavior exten-

sively andshowed that themeanswitching timedependsexponentially on theappliedbias

according to τ(V ) = τ0e−V/V0 , where τ is the mean switching time, and τ0 and V0 are

fitting parameters.[13] Figure 3.A.3d shows the same trend for our device, indicating that

the same process of stochastic conductive filament formation underlies the operation of

our device. Previous research on devices with similar electrodes and a halide perovskite

active layer has shown that these conductive filaments consist of iodide vacancies[38] or

silver.[39]
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b

a

Rmem

Csubstrate
Rosc

Rosc

R       = 10 MΩosc

c
Oscilloscope Neuron

Figure 3.A.5: Fit of the firing pulses in Figure 3.2c with charging and discharging of a capacitor. (a) Fits of the
charging (firing) and discharging (resetting) of the second firing pulse. (b) Extracted resistances of the charging
and discharging of each of the firing pulses in Figure 3.2c. Error bars representing one standard deviation of the
obtained resistance from the fit are included, but are smaller than the dots of the markers in the figure. (c) The
circuit of the neuron with the 10MΩ probes of the oscilloscope connected. The probes offer an alternative path
for the capacitor to discharge.
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Figure 3.A.6: Spiking neuron measurements repeated on a substrate without the halide perovskite layer. No
spiking is measured using the same parameters as for the spiking neuron in the main text.

a

c d

b

Figure 3.A.7: Four different measurements of the spiking neuron. In the measurements in (a), (b), (c), and (d) the
same voltage profile, with 5 ms pulses of 750 mV, was applied to the neuron with a 33 Hz frequency. In all cases,
this resulted in stochastic spiking by the neuron.
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a b

Figure 3.A.8: (a) Histogram of the time under bias before firing of the neuron based on the measurements in
Figure 3.A.7. Spiking by the neuron was defined as the moment when the capacitor voltage exceeds 200 mV.
The mean of the distribution is 6.9 ms. (b) The same histogram of spiking by the neuron compiled from simulated
data to validate the model. We obtain the same mean of 6.9 ms of applied bias before spiking by the neuron.

b

a

Figure 3.A.9: Stimulation of the neuron with 750 mV pulses with pulse durations of 7.5 ms in (a), which leads to
firing with every applied pulse and with a duration of 2 ms in (b), which leads to no firing of the neuron.
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a

c d

b

Figure 3.A.10: (a) Figure 3.2c, (b) Figure 3.3a, (c) Figure 3.3b and (d) Figure 3.3c before smoothing and removal
of the 50 Hz signal of the AC mains. Comparing these figures with the figures in the main text shows that the
noise is removed without distorting the measured signal.



3333333

3.B. MODELING OF STOCHASTIC AND DETERMINISTIC NEURONS | 77

3.B Modeling of stochastic and deterministic neurons

Thesimulateddata inFigure3.3wasobtainedwithexperimentallydeterminedresistances

and capacitance. For the stochastic neurons, a switching time was drawn from a Poisson

distribution with the experimentally determinedmean of 6.9 ms from Figure 3.A.8, using

a randomnumber generator. Voltage pulses are applied in the simulation, which causes a

voltagebuildupon thecapacitorwithanRCconstant of300pF×1GΩ = 0.3 s. The timeun-

der bias is then tracked until the switching time is reached. At this point, the RC constant

decreases significantly to 300 pF × 3 MΩ = 0.9 ms due to the resistance change of the

resistive switch. After the voltage is removed, the capacitor discharges through a 10 MΩ

resistor and a new switching time is drawn from the Poisson distribution. The same pro-

cedure is followed for deterministic neurons, but with a switching time always set to 6.9

ms. For validation of the model, we simulated the spiking of a neuron using the same in-

put voltage profile as for themeasurements in Figure 3.A.7, but over a longer period of 500

seconds, constituting 16,666 applied voltage pulses. A histogram of the time under bias

before spiking by the neuron based on the simulation is given in Figure 3.A.8b. Themean

obtained from the simulation of 6.9ms agrees with the experimentally obtainedmean.

To determine the representation error of the neuron populations in Figure 3.3d, the popu-

lation code of the neuron populations, i.e., the cumulative sum of spikes for each applied

pulse, is compared to the ideal population code. For stochastic neurons, the chance of the

neurons outputting a spike isP (5ms) = 1 − e− 5 ms
6.9 ms ≈ 0.52 for each 5ms input voltage

pulse. In the ideal case, the mean number of spikes per neuron in a population is, there-

fore, equal to 0.52 multiplied by the number of applied pulses. Figure 3.B.1a compares the

ideal mean number of spikes with that of a simulation of stochastic neuron populations

of different sizes. Because of the non-zero chance of spiking by the stochastic neuron for

each applied pulse, the population can capture all applied voltage pulses. For larger pop-

ulation sizes, the mean of the pulses approaches that of the ideal case. The deterministic

neurons always spike after 6.9ms of bias, or every second pulse. Because of the determin-

istic nature of theneuron, additional spikes arenever output bydeterministic populations

for uneven numbers of applied pulses, as illustrated by Figure 3.B.1b.

To obtain the representation error from the simulations,we take theEuclidiannormof the

difference between the ideal and the simulatedmean numbers of spikes for each popula-

tion, E =

√
10∑

i=1
(µi,simulated − µi,ideal)2, where i refers to the applied pulse number and

µ is themean number of spikes per neuron. To obtain the results shown in Figure 3.3d, we

repeated the simulations 1000 times for neuron populations of 1 and up to 100 neurons.

The average representation error is shown in the figure.
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a b

Figure 3.B.1: The mean number of spikes per neuron of the stochastic and deterministic neuron populations,
compared to their respective ideal mean number of spikes. (a) Themean number of spikes per number of stochas‐
tic populations of different sizes. Owing to the stochastic nature of the spiking, the average number of spikes
converges to the ideal case for all applied pulses as the population size increases. (b) The mean number of spikes
of deterministic populations. By definition, the mean does not change for different population sizes. The mean
does not increase for uneven number pulses but matches perfectly with the ideal mean for even numbers of
applied pulses.
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3.C Scaling of the spiking neuron

There are two main limitations of further scaling of the neuron. First, the RC constant

should remain high enough to prevent excessive charge buildup on the capacitor during

the stimulation phase. To estimate scaling limitations, we set a limit of 100mV of voltage

buildupduring stimulationof theneuron,while the resistive switch is still in theOFF-state.

Avoltagebuildupof 100mV is still easy todistinguish froma firingeventwhere thevoltage

rises to several hundreds of millivolts, as in the measurements in Figure 3.A.7. Assuming

thesameinputpulsesof750mVand5ms in lengthas inFigure3.2c, theRCconstantshould

thenbeat leastRC = − t

ln
(

1− V (t)
Vsupply

) = − 5×10−3s
ln (1− 100 mV

750 mV ) ≈ 35ms. Furtherdownscalingof

the resistive switch should linearly increase its low-conductance state resistance. Balanc-

ing this resistancewith the series capacitance to satisfy the constraint on the RC constant

allows for easy scaling of the neuron.

Even if the low-conductance state resistance is not reduced further as the resistive switch

is scaled, due to a parasitic resistance in the circuit, for example, the capacitance can still

be reduced by approximately an order ofmagnitude, toC = 0.035 s
109Ω = 35 pF, assuming an

OFF-state resistance of 1GΩextracted from the I-V curve in Figure 3.1b. Assuming that the

reduction in the capacitance means that the capacitor is now always fully charged with a

firingevent, thiswouldreduce theenergyconsumptionof theneuron toE = 1
2 ×C×V 2 =

1
2 × 35 × 10−12 F × (0.75V)2 ≈ 9.8 pJ. Even in this upper limit, the energy consumption

of the neuronwould be close to that of themost energy-efficient silicon neurons.[33]

A second limitation is that the amount of charge on the capacitor should be large enough

to aid the resetting of the resistive switch after firing. From Figure 3.A.5a we see that the

device is in the high resistive state right after the voltage is turned off. Thus, the switching

time is <1ms. The neuronwould work in a similar way with a switching time 2-3 orders of

magnitudeslower,whichmeans thatacapacitance2-3ordersofmagnitudesmallerwould

suffice, in the hundreds of femtofarad regime. Common CMOS technology utilizes archi-

tectures that can fabricate capacitors on this scale with very small device footprint.[40]
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4
Microscale Optoelectronic Synapses with

Switchable Photocurrent

Abstract

Efficient visual data processing by neuromorphic networks requires volatile artificial

synapses that detect and process light inputs, ideally in the same device. Here we demon-

strate microscale back-contacted optoelectronic halide perovskite artificial synapses

that leverage ion migration induced by a bias voltage to modulate their photocurrent.

The photocurrent changes are due to the accumulation of mobile ions, which induces a

transient electric field in the perovskite. The photocurrent changes are volatile, decaying

on the order of seconds. The photocurrent changes can be controlled by both the applied

voltage and illumination. The symmetric device supports changing of the photocurrent

polarity, switching between inhibitory and exhibitory functioning. The photocurrent

can be updated by spike-timing-dependent plasticity (STDP)-learning rules inspired by

biology. We showwith simulationshow this could be exploited as anattentionmechanism

in a neuromorphic detector. Our fabrication procedure is compatible with high-density

integration with CMOS and memristive neuromorphic networks for energy-efficient

visual data processing inspired by the brain.

This chapter is based on: de Boer, J.J., Alvarez, A.O., Schmidt, M.C., Sitaridis, D. & Ehrler, B. Mi-
croscale optoelectronic synapses with switchable photocurrent from halide perovskite, in prepara-
tion
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4.1 Introduction

Rapid developments in the field of artificial intelligence (AI) have led to impressive

performance of neural networks over a broad range of tasks, such as natural language

processing,[1, 2] image recognition,[3, 4] and protein folding prediction.[5] However, the

increase in the capabilities of neural networks has come at the price of exponentially

increasing energy consumption.[6] Neuromorphic computing offers a more energy-

efficient alternative to neural networks run on classical computers.[7] In neuromorphic

computing, electronic analogs to biological neurons and synapses mimic highly energy-

efficientbiologicalneuralnetworks. Similar to their biological counterpart, neuromorphic

artificial synapses process and store information within the network by changing the

synaptic connection strength between neurons, typically through a variable resistance.

This can be implemented with memristive devices, which have a resistance that can be

varied by applying a bias voltage.[8] Volatile memristive devices, of which the resistance

change decays to a steady-state high-resistive state over time, are particularlywell-suited

to mimic brain-like filtering and processing of sensory information.[9, 10] For this appli-

cation, the volatility of the devices ensures that signals that occur at different points in

time can be distinguished. When applied as a filter, the output intensity of volatile devices

changes depending on recent input, for example allowing them to function as bandpass

filters.[9] Volatile devices can also be implemented for short-term working memory.

Information relevant to a task, such as speech recognition or recalling a recently detected

object, is stored for a short timeandautomatically forgotten after the task is completed.[11,

12] Here, the volatility of the memristive devices prevents the storage of information that

is no longer relevant to the network.

Halide perovskites are an emerging class of semiconducting materials for neuromorphic

devices. Highlymobile ionic defects in thesematerials readily cause hysteresis, which has

been leveraged to fabricate energy-efficient artificial synapses,[13–15] and,more recently,

neurons.[16] Hysteresis typically occurs on the hundreds ofmilliseconds to seconds time-

scales,[17, 18] ideal for volatile synapses. Moreover, their easy solution-processability

allows facile deposition, even on flexible substrates.[19, 20] Halide perovskites are also

excellent light absorbers, with a band gap that can be tuned by incorporating different

halides.[21] A notable property of halide perovskites is that the ionic mobility is cou-

pled to light absorption, with higher ionic mobilities under more intense illumination

conditions.[22] This interplay of ionic mobility and the photogenerated charge carriers

might therefore enable the use of halide perovskites for simultaneous detection and

processing of visual input. This application would further enhance the energy efficiency
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and scalability of neuromorphic networks.[23]

Although first macroscale implementations of optoelectronic halide perovskite synapses

that can process light pulses have shown impressive energy,[14, 24] and light-detection

efficiencies,[25] their scalability remains challenging. This is due to complex device archi-

tectures requiringmultiple active layers,[26, 27] sometimeswith a third gate electrode,[25,

28, 29] and the high solubility of halide perovskites in polar solvents,[30] which makes

microfabricationwith lithography difficult.

Here, we adapt the lithographic procedure we recently developed for all-electronic

halide perovskite synapses and neurons[13, 16] to fabricate volatile halide perovskite

optoelectronic synapses on the microscale. Applying a voltage pulse to the synapse

causes subsequent volatile photocurrent enhancement that decays over approximately

5 seconds. From transient photocurrent measurements and drift-diffusion simulations

we deduce that the mechanism is the accumulation of mobile ions by the bias voltage,

which induces an electric field in the perovskite. We postulate that this improves the

extraction of photogenerated charge carriers under illumination, resulting in a volatile

photocurrent enhancement. We demonstrate that the photocurrent enhancement is

more significant for higher applied bias voltages and light intensities during the volt-

age. We attribute this dependence to the higher ionic mobility under illumination and

therefore more significant ionic accumulation for higher applied voltages. We show that

the photocurrent polarity can be both positive and negative depending on the applied

voltage, a unique feature of our device that enables facile switching from excitatory to

inhibitory functioning. We fabricate devices that are sensitive to different parts of the

visible spectrum by incorporating MAPbI3, FAPbBr3, and FAPb(I0.5Br0.5)3 perovskites,

and show that the photocurrent changes generalize over all of these perovskite layers.

Finally, we show STDP learning by the synapse and simulate how this could be used for a

neuromorphic detector employing an attention mechanism. The easily scalable device

structure andmild conditions during the fabrication process allow the implementation of

this detector with existing neuromorphic chips.

4.2 Results and Discussion

4.2.1 Device architecture

Figure 4.1a shows a schematic and opticalmicroscopy image of ourmicroscale halide per-

ovskite volatile optoelectronic synapse (MPOS). Two 2.5 µm wide gold electrodes form a

cross-point device that sandwiches an approximately 15 nm ALD-deposited Al2O3 layer.

We spin-coat theMAPbI3 active layer over the electrodes in the final step to prevent degra-
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Figure 4.1: The volatile halide perovskite optoelectronic synapse. (a) Schematic drawing of the halide perovskite
optoelectronic synapse. After microfabrication of the 2.5 µm wide gold electrodes, the MAPbI3 layer is spin‐
coated on the substrate. The device is connected to an SMU to apply voltages and measure current, and light is
supplied as an additional input. (b) UV‐Vis absorption spectrum of the MAPbI3 film on a quartz substrate. The
halide perovskite layer absorbs light over a broad range of wavelengths.

dation during lithography. Voltages and currents can be applied and measured between

the top and bottom electrodes of the device. Importantly, the back-contact architecture

also allows for the illumination of the MAPbI3 layer without unwanted reflections off the

goldelectrodes. Figure4.1bshowsthat theMAPbI3 layerweemployefficientlyabsorbs light

with wavelengths below 780 nm. The absorption for 520 nm light, used in later measure-

ments, is highlighted with a green dotted line. The broad absorption range enables the

MPOS to process input light signals all over the visible range and into the UV. This makes

it more versatile than optoelectronic synapses based on materials that can only process

UV-light inputs due to their limited absorption in the visible spectrum.[31, 32]

4.2.2 Photocurrent switching

Figure 4.2a shows an example measurement of the synapse. Initially, pulsing a 520 nm

LED gives a small photocurrent of tens of picoamps. After applying a−1 V pulse to the de-

vice under illumination, an initial increase of the current is measured in the dark. This

current decreases exponentially. When a light pulse is applied during this decay process,
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Figure 4.2: Setting and reading out of the state of the optoelectronic synapse. A small initial photocurrent is read
out when the device is illuminated with a green LED, indicated by the green regions in (a). The photocurrent is
increased after applying a −1 V pulse, indicated with the red dotted line, and then decays over several seconds.
(b) Photocurrent after applying the −1 V pulse, data from five measurements. Data fitted with drift, diffusion,
and a constant offset current: I (t) = I0,cape−t/τ + kt−1/2 + Ioffset. (c) Schematic of the proposed
mechanism of the transient photocurrent response. The applied voltage pulse accumulates halide vacancies
(white circles) at the cathode, resulting in an electric field inside the perovskite. At 0 < t < 0.5 seconds, the
vacancies redistribute by a drift process, resulting in an exponential decrease of the induced electric field and
hence the measured photocurrent, as captured by equation (1) in (b). For later times, 0.5 < t < 5 seconds,
the vacancies redistribute predominantly due to diffusion, resulting in a transient current response according to
(2). After approximately 5 seconds, further decay becomes negligible and only the constant offset current (3) is
measured.
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a strongly increasedphotocurrent of 1.7 nA ismeasured. The enhancedphotocurrent then

decays over time asmeasuredwith each successive light pulse.

We analyze the photocurrent by repeating themeasurement in Figure 4.2a five times. The

measured photocurrents are plotted over time in Figure 4.2b, where t = 0 indicates the

time where the voltage pulse is removed. To fit the photocurrent decay over time, we as-

sumeadecay due to a combined drift and diffusion process, with a constant offset current:

I (t) = I0,cape−t/τ + kt−1/2 + Ioffset. This time-dependence of the current follows from

the linear regions in plots of the transient photocurrent on the t−1/2 and semi-log scale

in Figure 4.A.1a and b, respectively. The obtained fitting parameters are given in Table 4.1.

Thestackedplot inFigure4.2bofbothcontributionsdemonstratesan initialdecaypredom-

inantlydue to theexponentialI0,cape−t/τ term(drift). Afterapproximately0.5 seconds, the

photocurrent decays predominantly according to the kt−1/2 contribution (diffusion).

I-V sweeps of the device in the dark and under constant illumination are given in Figure

4.A.2. Both sweeps show a combined capacitive and resistive response without obvious

signs of resistance changes within each scan, as can be seen in perovskitememristive de-

vices.[14] We, therefore, exclude resistance changes as the origin of the photocurrent en-

hancement. Instead,wepropose themodelpresentedschematically inFigure4.2c. During

the applied voltage pulse, the mobile iodide vacancies in the perovskite layer accumulate

at the interface between the perovskite and the cathode.[33] The resulting electric field

screens the applied voltage inside the perovskite layer. After the voltage is removed, ac-

cumulated iodide vacancies induce an electric field inside the perovskite, as indicated in

the left panel of Figure 4.2c. This field causes extraction of photogenerated charge car-

riers.[34] On a timescale of hundreds of milliseconds, the electric field induces the drift

of the positively charged halide vacancies away from the cathode. The resulting exponen-

tial decrease in the magnitude of the electric field then results in a proportional decay of

the photocurrent. After approximately 0.5 seconds, the halide vacancies have partially re-

distributed in the perovskite layer, as indicated by the middle panel in Figure 4.2c. Now

the electric field inside the perovskite is smaller and the ions further re-distribute by a

diffusion-limited process, which follows a t−1/2 time dependence.[35] This competition

between ionic drift and diffusion currents in memristive devices is well-known for other

materials.[36] After the redistribution of the halide vacancies, the device reaches a steady

state where only the original small offset current ismeasured, as shown in the right panel

in Figure 4.2c. The origin of this offset current is likely a small electronic asymmetry in

the device, e.g. because one electrode is covered with the Al2O3 layer, or it could be due

to a defective perovskite-electrode interface. The decay over hundreds of milliseconds to

seconds we measure here is in agreement with previous work on ion migration in halide
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Table 4.1: Fitting parameters obtained for the data in Figure 4.2b. The offset current Ioffset was determined
by taking the mean of the photocurrents measured before application of the −1 V pulse. Errors indicate one
standard deviation.

Fitting parameter Value
I0,cap 3.9 ± 0.2 nA
τ 0.19 ± 0.01 s
k 0.11 ± 0.02 nA

√
s

Ioffset 0.095 ± 0.014 nA

perovskites.[17, 18] Our proposed mechanism is supported by drift-diffusion simulations,

given inFigure4.A.3,whichshowtheaccumulationofhalidevacanciesandresultingbuild-

up of an electric field in the device by a−1 V pulse. The simulations show a redistribution

of the vacancies and consequential decay of the electric field over similar timescales as in

Figure 4.2b. Figure 4.A.4 demonstrates that there is also an ionic current contribution to

the total currentmeasuredwhena light pulse is applied. However, this contribution is only

minor, in line with previous work on similar halide perovskite devices.[17]

Figure 4.A.5 demonstrates that applying a voltage pulse of opposite polarity results in a

photocurrent enhancement with a similar magnitude but opposite polarity, following the

same combined exponential and power-law decay. This further supports our proposed

model, whichpredicts that the iodide vacancies accumulate at opposite electrodes for pos-

itive and negative voltages. The resulting electric fields and photocurrents are, therefore,

also of opposite polarity. The ability to tune the polarity of the photocurrent, i.e. the synap-

tic weight, is a notable feature of the MPOS. Typically, the output current polarity of an ar-

tificial synapse is bound to that of a read voltage.[37] Excitatory and inhibitory functioning

of a synaptic device in a neuromorphic network are therefore set by the circuitry and ap-

plied read voltage. By contrast, the weights of theMPOS can be switched to either positive

or negative values for the same input optical pulse. This allows facile switching between

inhibitory and excitatory functioning by the same synapse.

4.2.3 Modulation of the photocurrent switching

Figure 4.3a demonstrates that themagnitude of the synaptic weight can be tuned by vary-

ing the magnitude of the applied voltage. Larger voltage amplitudes, which are expected

to cause the accumulation of a larger number of iodide vacancies, cause a larger photocur-

rent enhancement. In all cases, the photocurrent decays according to the combined drift

and diffusion process.

The initial photocurrents at0.05 seconds inFigure4.3aareplotted inFigure4.3b. Fromthis

figure, it follows that the magnitude of the photocurrent depends linearly on the applied
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a b

Figure 4.3: Modulation of the photocurrent change with different voltages and light intensities. (a) Fits to tran‐
sient photocurrent measurements with applied voltage pulses ranging from −2.0 to +2.0 V. All with the same
light intensity of 0.2 mW/cm2 during the voltage pulse. Larger photocurrent changes are measured for larger
voltage amplitudes. (b) Comparison of the initial photocurrents, i.e. the photocurrents at 0.05 seconds from
the transient current fits, for different applied voltages and light intensities of 2.3 mW/cm2 (I2.3, squares), 0.2
mW/cm2 (I0.2, triangles), and no light (Idark , circles) during the voltage pulse. Linear fits to the initial photocur‐
rents yield steeper slopes of −12.0 and −3.2 nA/V for I2.3 and I0.2, respectively, compared to the slope of
−0.7 nA/V for Idark .

voltage. The linear dependence can be explained by ion drift to the electrodeswhen apply-

ing the bias voltage. When the voltage is applied, an electric field is built up in the device

according to V (t) = Vsup(1 − e
−t/τ ).[38, 39] Assuming the same characteristic time τ

and using the same duration for each applied voltage pulse t, the voltage in the device in-

creases linearlywith the input voltageVsup. The linearity of the photocurrent changewith

respect to the input voltagemakesweight changesof theMPOSwithdifferent voltages eas-

ily predictable. This predictability is important for reliable training of neuromorphic net-

works.[40]

Figure 4.3b shows that the magnitude of the photocurrent is also altered by the illumina-

tion intensity during the voltage pulse. A higher irradiance of 2.3 mW/cm2 (I2.3) causes

a larger photocurrent change compared to a lower irradiance of 0.2 mW/cm2 (I0.2). The

photocurrent change is the smallest when the device is not illuminated during the voltage

pulse (Idark). The transient photocurrents over the whole voltage range for I2.3 and Idark

are given in Figure 4.A.6. Thesemeasurements showa similar photocurrent decay initially

dominatedbyadrift process,which transitions toadiffusion-limitedcurrentdecayat later

times. The greater magnitude of the photocurrent changes at higher illumination inten-

sities can be explained by the higher ionic mobility in halide perovskites under illumina-

tion.[22] A higher ionic conductivity during the applied voltage pulse causes amore rapid

build-up of the electric field, i.e. accumulation of halide vacancies. The larger electric field

in the device leads to a larger photocurrent when light pulses are applied.

The trends we observe for the photocurrent enhancement are not limited to 520 nm light
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excitation. Figure 4.A.7 shows the samemeasurement as in Figure 4.3, repeated with 450

and 620 nm light. These light sources, matched by photon flux to the 520 nm source, give

similar photocurrent changes that are linear with the input voltage, demonstrating that

the synapse can be operatedwith wavelengths ranging over the visible spectrum.

The photocurrent enhancement is also generalizable over different perovskites. As an ex-

ample, we fabricated the sameoptoelectronic synapseswith FAPbBr3 and FAPb(I0.5Br0.5)3
active layers. 4.A.8a and b show the absorption spectra of FAPbBr3 and FAPb(I0.5Br0.5)3, re-

spectively. The absorption onset of the perovskite layer shifts to shorter wavelengths for

higher bromide contents. The −1 V measurements in 4.A.8c and d (520 nm illumination)

and Figure 4.A.9a and b (450 nm illumination), as well as the corresponding input voltage

and illumination intensity sweeps in 4.A.8e and f and Figure 4.A.9c and d show the same

trends for these perovskite compositions as for theMAPbI3 films. These results show that

we canexploit the easily tunable bandgapof halide perovskites to fabricate optoelectronic

synapses that are only sensitive to specific wavelengths of light.

An important feature of theMPOS is that the synapticweight of the device is changedwith

electronic pulses while it is read out with light pulses. Typically, both occur with the same

type of input, i.e., all electronically or all optically, which can result in accidental weight

changes during read-out.[12, 41] Three-terminal synaptic transistors prevent this issue by

using two lateral electrodes for read-out and a third gate electrode for weight updates.[42,

43] However, this comes at the cost of higher device complexity and size and, therefore,

scalability. Usingoptical signals for read-outandelectronic signals forweightupdatespre-

vents accidentalweight changeswhilemaintaining the scalability of two-terminal devices.

4.2.4 Optoelectronic STDP measurements

To demonstrate learning by the MPOS, we perform STDPmeasurements. A classic exam-

ple of STDP-like learning in neuromorphic networks is inspired by Pavlovian conditioning,

typically demonstrated in simple two-input, one-output networks. The first input (“sight

of food”) and theoutput neuron (“salivation”) are initially correlated,meaning they are con-

nected by a synapse with a high weight. In all-electronic neuromorphic networks, this is

implemented as a high conductance of the synapse. The second input (“ringing of a bell”),

on the other hand, is initially not correlated to the same output, which is implemented as

a low synaptic weight, or low conductance of the second synapse. Due to the difference in

the synapticweights, initially inputs through thehigh-conductance synapse cause spiking

by theoutputneuron,while inputs through the low-conductancesynapsedonot. However,

by presenting both inputs simultaneously, this simple network can learn to associate the

two inputs through STDP. In STDP, back-propagating pulses are generated by the neuron
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Figure 4.4: STDP learning rules applied to the synapse. Applying a −1 to +0.5 V pulse results in STDP learning
in (a), while a+1 V to−0.5 V pulse leads to anti‐STDP learning in (b). Theweight updates were fit to exponential
decay or growth, with the addition of an offset in (b) to prevent overestimation of the exponential growth for
−∆t due to the negative data points at ∆t < −50 ms. Highly symmetric weight changes are obtained for
STDP and anti‐STDP learning, as well as for +∆t and −∆t within both learning rules.

as it spikes due to inputs through the high-conductance synapse. Overlap with simulta-

neous inputs through the low-conductance synapse results in a voltage drop that is large

enough to increase its weight. After learning, presenting only the second input is enough

to cause spiking of the output neuron, i.e. ringing the bell causes salivation by the dog.[44–

46] STDP learning is commonly employed in large neuromorphic networks,[47] for exam-

ple for the recognition of complex patterns, such as handwritten digits.[48]

Figure 4.4 shows optoelectronic STDP measurements of the MPOS. Contrary to the sim-

pler voltagepulse application shown inFigure4.3, hereweapply an initial−1 or+1Vpulse,

which is followed immediately by a0.5Vpulsewith the opposite polarity. At the same time,

a light pulse is introduced with different time delays with respect to the applied voltage

profile, shown schematically in the top parts of Figure 4.4a and b. The weight update is

now dominated by the initial ±1 V or the following ±0.5 V pulse, depending on which part

of the voltage profile overlaps with the light pulse. In a neuromorphic network employing

STDP-learning, this voltage profile would be applied by a firing artificial neuron. If the in-

put precedes the firing of the neuron (positive∆t), there is a causal relationship between

the input and the firing, and the synapticweightwill increase. In our implementation, this

is due to the overlap between the light pulse and the−1 V pulse. The resulting increase in

photocurrent corresponds to the increase in synaptic weight. Conversely, if the input fol-

lows after the firing of theneuron (negative∆t), signifying ananti-causal relationship, the

weight will be decreased. Here, this is brought about by the overlap of the light pulse with
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the +0.5 V pulse, resulting in a lower photocurrent. In this way, STDP allows associative

learning in a neuromorphic network.

Figure 4.4a demonstrates that theMPOS shows STDP learning for a−1 to+0.5 V pulse and

light pulse inputswithdifferent timedelays. Similar to thephotocurrent changes in Figure

4.3, we can obtain the inverse weight changes by applying a +1 to −0.5 V pulse in Figure

4.4b, resulting in anti-STDP learning. The high symmetry of the (anti-)STDP responses of

the synapse allows predictable updates of the synaptic weights, which is important for re-

liable learning in neuromorphic networks.[40] In both cases, large weight updates of up

to 2000% are obtained. This large dynamic range allows for easy distinction of different

states of theMPOS. Both positive and negative photocurrents can be achievedwithin each

STDP learning rule, depending on the sign of the time delay. Importantly, this shows that

the simple STDP learning rule is sufficient to support the unique advantage of switching

between inhibitory and excitatory functioning of the synapse.

4.2.5 A neuromorphic camera with attention‐based learning

We envision that these results could be particularly interesting for the development of

neuromorphic detectors that process visual information. Modern state-of-the-art soft-

wareneural networks basedon transformermodels achievehigh classification accuracies

by employing anattentionmechanism to focus only on the relevant regions of an image.[3,

4] A detector consisting of dense cross-bar arrays of the MPOS could employ a similar

mechanism through STDP. To showcase this application, we simulated two-dimensional

arrays of the synapses connected to a leaky integrate-and-fire neuron. The arrays are

illuminated with a moving hand-written digit sample from the N-MNIST dataset,[49]

and the resulting photocurrent is integrated by the neuron. Neuron spikes are used as

a feedback signal to update the synaptic weights depending on the simultaneous illu-

mination condition of each synapse. Feedback neuron spikes were simulated as simple

−1 V pulses, as in Figure 4.2b, or the (anti-)STDP pulses from Figure 4.4, to represent all

experimentally demonstrated update rules in this work (see Section 4.A.1 in the Appendix

formore details).

Figure 4.5 shows three points in time of the simulations of arrays implementing STDP and

anti-STDP learning. Figure 4.5a shows the three input frames of the N-MNIST sample at

these times. The first neuron spike occurs at time t1, as the left image is presented. The

left frame in Figure 4.5b shows the synaptic weights after an STDP weight update by this

spike. The weights of the synapses that were illuminated right before the neuron spiked

have increased, in accordance with the measurements in Figure 4.4a. As is evident from

Figure 4.5d, the increased weights, i.e. higher photocurrents, of the synapses in the array
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Figure 4.5: Simulations of an attention mechanism for arrays of the optoelectronic synapses connected to a
simple leaky integrate‐and‐fire neuron. Frames of an N‐MNIST sample number 2 are projected on the arrays
over time. (a) Frames of the sample at different times of interest. (b), (c) The synaptic weights of optoelectronic
synapse arrays implementing STDP and anti‐STDP learning, respectively, taken after projecting the frames in (a)
on the arrays. (d) Event‐plot of the neuron spikes over time for arrays implementing either no synaptic weight
updates (“No Update”), or the STDP and anti‐STDP weight updates from (b) and (c). After each neuron spike, all
synaptic weights in the arrays are updated according to their respective update rule. The blue‐shaded region
indicates the simulation times between 360 ms to 1305 ms where the input number 2 is visible in the N‐MNIST
frames, which should cause spiking by the neuron. The first neuron spike occurs at time t1 (585 ms), after input
of the left panel in (a). The spike causes positive synaptic weight changes for the STDP array (left panel in (b)),
and negative weights changes for the anti‐STDP array (left panel in (c)). At time t2 (1035 ms) the frame in the
middle panel in (a) is projected on the arrays. The resulting photocurrent is not high enough to cause spiking for
the array that does not implement weight updates. The higher photocurrents output by the STDP array (middle
panel in (b)) are large enough to cause spiking, while the negative photocurrents output by the anti‐STDP array
(middle panel in (c)) suppress spiking. After 1305 ms, only noise is projected on the arrays and no further spiking
is recorded, resulting in decay of the synaptic weights. The noise projected on the arrays at time t3 (1440 ms) is
shown in the right panel in (a). The decaying synaptic weights are shown in the right panels of (b) and (c).
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cause a higher spiking frequency of the neuron with subsequent inputs. On the other

hand, the left frame of Figure 4.5c shows the synaptic weights for an array implementing

anti-STDP learning. Synapses that were illuminated right before the spike have their

weights decreased, as in Figure 4.4b. Figure 4.5d shows that this change reduces the

neuron spike frequency for later inputs.

The synaptic weights are updated according to the STDP and anti-STDP learning rules

from Figure 4.4 as the handwritten digit moves downwards between t1 and t2, shown in

themiddle panel in Figure 4.5a. STDP learning causes theweights to increase dynamically

based on the movement of the digit, as shown in the middle panel of Figure 4.5b, while

they are decreased for anti-STDP learning, illustrated by the middle panel of Figure 4.5c.

After the digit is no longer visible and only noise is presented to the array at time t3 in the

right panel in Figure 4.5a, the volatility of the synapses causes the weights to decay, as

demonstrated by the right panels in Figure 4.5b and c. Importantly, this prevents spiking

of the neuron due to noise and resets the weights in the arrays for new input features of

interest.

The simulations show that, even though voltage pulses are applied to all synapses in the

array, the optoelectronic STDP learning rule we implement in Figure 4.4a only increases

the weights of the synapses detecting the feature of interest. This attention mechanism

causes the array to adaptively focus on the digit, allowing the neuron to respond more

quickly to the input. Anti-STDP learning, on the other hand, can be implemented to

reduce attention, forcing the neuron to ignore specific features. This way, the synapse

array combines the filtering and working memory applications of volatile synapses. The

transient photocurrent enhancement can be seen as a working memory that keeps track

of the location of features of interest to filter visual data and focus only on relevant stimuli.

The device design allows for flexible tuning of the response parameters. FAPbBr3 and

FAPb(I0.5Br0.5)3 layers could be incorporated into the arrays, as demonstrated by4.A.8 and

Figure 4.A.9, for finer control over attention by not only considering the light intensity, but

also its wavelength. This is especially relevant for more complex input images that con-

tain different colors.[32] Apart from that, Figure 4.A.14 shows a more top-down attention

mechanism that can be realized by applying voltage pulses to only a subset of synapses in

the array. A similar algorithm has been proposed before, and could be implemented for

more complex inputs, for example in image processing for autonomous vehicles.[50]

Recently, similar detectors of volatile memristive devices employing an attentionmecha-

nismhavebeenproposed, basedonsynaptic transistorsof two-dimensionalmaterials,[50,

51] or ametal oxide active layer.[32] On the device level, the two-terminal architecture and

the easier deposition of the halide perovskite layer over large areasmake ourMPOSeasier
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to scale compared to these implementations. Moreover, light absorption by the halide

perovskite layer can be tuned into the visible spectrum by altering its composition, giving

more control over the attention mechanism. On the algorithm side, the optoelectronic

(anti-)STDP updates we present here remove the need to determine which synapses to

update by a top-down approach and instead allow a more easily implemented bottom-

up attention mechanism. This way the synapses leverage the unique combination of

light-dependentmixed ionic-electronic conductivity, tunability of the bandgap, and facile

deposition of halide perovskites to enable neuromorphic detectors withmore biologically

plausible learning.

4.3 Conclusion

In summary, we have demonstrated microscale volatile optoelectronic synapses made

from MAPbI3, FAPbBr3, and FAPb(I0.5Br0.5)3 halide perovskites. The MPOS leverage

mobile ions to form a transient electric field after applying a bias voltage, resulting in

volatile photocurrent changes upon illumination of the device. We have shown that the

magnitude and polarity of the photocurrent are tunable with the applied voltage and light

intensity due to the higher iodide-vacancy mobility under illumination and the larger

electric field build-up for higher applied voltages. Important features of theMPOS are the

separation of electronic writing and photonic read-out, preventing accidental changes in

the synaptic weight, and the accessibility of both positive and negative synaptic weights,

which allows easy switching between excitatory and inhibitory functioning. The MPOS

showed learning based on STDP weight updates, and we simulated how this learning rule

could be implemented for a bottom-up attention mechanism in neuromorphic sensors

to focus on regions of interest in visual data. Sensors that are only sensitive to parts of

the visible spectrum could be fabricated by changing the halide perovskite in the synapse,

giving further control over the attention mechanism. The easy scalability of our two-

terminal microscale devices and the broad absorption rangemake the MPOS particularly

well-suited for this application. Moreover, the mild fabrication conditions allow easy

implementation of the MPOS with existing memristive or CMOS-based neuromorphic

networks, extending even to novel implementations on flexible substrates.
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4.4 Materials and Methods

4.4.1 Materials

Si wafers with a 100 nm dry thermal oxide layer were purchased from Siegert Wafer.

PbI2 (99.99%), PbBr2 (99.99%), and formamidinium iodide (FAI, 99.99%) were purchased

from TCI. Methylammonium iodide (MAI) was purchased from Solaronix. Al(CH3)3 (97%),

formamidinium bromide (FABr, >98.0%) and anhydrous DMF, DMSO, and chlorobenzene

were purchased from Sigma-Aldrich. MA-N1410 resist and its corresponding MA-D533/s

developer were purchased from Micro Resist. All materials were used without further

purification.

4.4.2 Fabrication of the optoelectronic synapse

Gold bottom electrodes were patterned on the silicon wafer with the thermal oxide layer

using a lift-off process withMA-N1410 photoresist. The resist was exposed to UV light in a

Süss MA6/BA6 mask aligner. The exposed resist was developed in MA-D533/s. A chrome

adhesion layer (5nm)and thegoldelectrode layer (80nm)weredepositedon thepatterned

resist by e-beam physical vapor deposition. Lift-off was performed by soaking in acetone

for one hour. A 15 nm Al2O3 layer was deposited in a home-built atomic-layer deposition

setup at 250 °C, using Al(CH3)3 and H2O as the precursor gasses. The gold top electrodes

werepatternedperpendicular to thebottomelectrodesusing thesameUVlithographypro-

cedure.

Inside aN2-filled glovebox, MAPbI3, FAPbBr3, and FAPb(I0.5Br0.5)3 precursors weremixed

by dissolving stoichiometric 1.1 mmolarmixtures of the respective solids in 1mL DMF and

0.1 mL DMSO. The precursors were filtered with 0.2 μm PTFE filters and spin coated over

the gold electrodes at 4000 rpm for 30 secondswith a SCIPRIOS SpinCoating Robot.

Chlorobenzene (250 μL per substrate) was added after 5 seconds of spinning as an anti-

solvent to induce crystallization. The substrates were annealed at 100 °C for 10 minutes

directly after spin coating. The devices were then encapsulated by adding a drop of Blu-

fixx epoxy on the active area. A glass coverslipwas dropped on the epoxy, whichwas cured

with a UV torch for 1 minute afterward. The same spin coating procedure was followed to

deposit the three perovskite layers on quartz substrates for absorptionmeasurements.

4.4.3 UV/Vis absorption measurements

Absorption measurements were performed from 250 to 900 nm with a Perkin Elmer

Lambda 750 UV/Vis/NIR spectrophotometer inside an integrating sphere. Deuterium



444444444

100 | 4. MICROSCALE OPTOELECTRONIC SYNAPSES WITH SWITCHABLE PHOTOCURRENT

and tungsten-halogen lamp light sources and an InGaAs detector were used for the

measurements.

4.4.4 Photocurrent measurements

All electronic measurements were performed with a Keysight B2902A Precision

Source/Measure Unit. One channel of the SMU was used to apply voltage pulses to

and measure the current of the synapse, while a second channel was used to drive the

450, 520, or 620 nm high power Cree XLamp XP-E LEDs. Irradiances weremeasured with

a Thorlabs PM100D optical powermeter with a S120VC sensor.

4.4.5 Drift‐diffusion measurements

Drift-diffusion simulations were carried out with the software package Setfos by Fluxim.

The device parameters are listed in Table 4.2. We simulated the relaxation of the potential

andmobile ion density at 0 V after removing the initially applied voltage of 1 V.

Table 4.2: Simulation parameters used for the drift‐diffusion simulations.

Parameter Value Reference
Thickness insulator (nm) 15
Relative permittivity insulator 9
Electron affinity insulator (eV) 2.5
Band gap insulator (eV) 5
Thickness perovskite (nm) 50
Relative permittivity perovskite 24.1 [52]
Electron affinity perovskite (eV) 3.9 [53]
Band gap perovskite (eV) 1.6 [53]
Effective density of states perovskite conduction band (1/cm3) 8 × 1018

Effective density of states perovskite valence band (1/cm3) 8 × 1018

Mobile positive ion density (1/cm3) 3 × 1017

Immobile negative ion density (1/cm3) 3 × 1017

Work function electrodes (eV) 5.1
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4.A Additional information

a b

Figure 4.A.1: Plots of the measured photocurrents from Figure 4.2b on different scales for fitting of the data. (a)
Plot on the t− 1

2 scale. The linear increase of the photocurrent until approximately 1.5 sec− 1
2 indicates a current

decay with t− 1
2 proportionality for t > 1

1.52 ≈ 0.44 seconds, in line with a diffusion‐limited process. (b) Plot
on the semi‐log scale. The plot shows a linear decrease in the current for the times before approximately 0.5
seconds, which can be explained by a capacitive drift current.

a b

Figure 4.A.2: I‐V sweeps of the device under different illumination conditions. (a) An I‐V sweep in the dark. (b)
An I‐V sweep on the same device under illumination with a 520 nm LED, at an irradiance of 0.2 mW/cm2. For
both plots, the arrows indicate the current measured at each voltage sweep direction. The plots were obtained
by averaging the current over three consecutive measurements to reduce noise. The current responses are
typical for a capacitive displacement, combined with a resistive current. A larger current is measured for the
device as it is illuminated, indicating a lower resistance. No significant changes in the resistance of the device
were measured within either scan.
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a b

Figure 4.A.3: Drift‐diffusion simulation of the device after removal of a −1 V pulse at time = 0 s. (a) The
halide vacancy distribution after the pulse. (b) The resulting potential in the device after the pulse. The initial
accumulation of halide vacancies at theAl2O3‐covered cathode results in a potential in the device. The vacancies
redistribute over approximately 4.0 seconds, causing a decay of the potential.

Figure 4.A.4 shows a fit to the current in dark after a −1 V pulse is applied and before ap-

plication of a light pulse. The data is taken from the samemeasurements as Figure 4.2b in

the main text. The data is fit with an exponential decay (fitting parameters were I0,cap =
0.87 ± 0.04 nA, and τ = 0.15 ± 0.01 s). Fitting with an additional diffusion termwas not

successful, which is likely due to the relatively low contribution of this term for these short

timescales. The decay time on the hundreds of milliseconds timescale implies that this is

the ionic drift current in the dark. The black curve represents the fit to the photocurrent

from Figure 4.2b. From the fits it follows that the ionic current contributes 17% to the total

currentat0.06seconds,whenthe first lightpulse isapplied. For later times, the fits suggest

that the relative contribution of the ionic current decreases due to the lack of a diffusion

and constant offset term for the current in dark.
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Figure 4.A.4: Fit of the current in dark measured after the −1 V pulse and before the first light pulse in Figure
4.2a and b in the main text. Data taken from the same 5 measurements as in Figure 4.2b in the main text. The
dark current is fit to an exponential decay and compared to the fit to the measured photocurrents from Figure
4.2b.

a b

Figure 4.A.5: Setting and reading out of the state of the optoelectronic synapse with a +1 V applied pulse.
(a) Measured photocurrents over time. Similar to the measurement in Figure 4.2a, a small initial photocurrent
is read out when the device is illuminated with a green LED, indicated by the green regions. After applying
the +1 V pulse, indicated by the red dotted line, a negative photocurrent is read out with consecutive light
pulses, which decays to the initial photocurrent from before the voltage pulse over time. (b) Fitting of the
photocurrents in (a) over time, after applying a +1 V at time = 0 s. The blue markers indicate the measured
photocurrents over five measurements. The same fitting equation that considers a combined ionic drift and
diffusion process for the current decay, combined with a constant offset current was used to fit the transient
photocurrent: I (t) = I0,cape−t/τ + kt−1/2 + Ioffset.
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a b

c d

Figure 4.A.6: Fitting of the photocurrents over time for different illumination intensity conditions. (a) Shows
the photocurrents over time after a −1 V pulse without illumination, while (b) shows the data for simultane‐
ous illumination with a 2.3 mW/cm2 irradiance. The blue markers indicate the measured photocurrents over
five measurements. The transient photocurrent was fit using the same equation as in Figure 4.2b: I (t) =
I0,cape−t/τ + kt−1/2 + Ioffset. A similar initial drift followed by a diffusion‐limited photocurrent decay
is obtained for both conditions. Fitting parameters are given in Table 4.A.1. (c) and (d) show fits of transient
photocurrent measurements with applied voltage pulses ranging from −2.0 to +0.5 V for no illumination or
illumination with a 2.3 mW/cm2 irradiance during the voltage pulse, respectively. Larger photocurrent changes
are measured for larger voltage amplitudes and for higher irradiance during the voltage pulse.
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c d

a b

Figure 4.A.7: Fitting of the photocurrents over time for different wavelengths of light. (a) Fits of the measured
photocurrent after applying a −1 V pulse at time = 0 s with simultaneous illumination with 450 nm light, with
a 0.24 mW/cm2 irradiance. (b) The same experiment as in (a), repeated with 620 nm light, with a 0.18 mW/cm2

irradiance. The power densities were adjusted to ensure equal photon flux for each of the three wavelengths
of light. The blue markers indicate the measured photocurrents over five measurements. Similar to before, the
transient photocurrent was fit with: I (t) = I0,cape−t/τ + kt−1/2 + Ioffset. A similar initial drift followed
by a diffusion‐limited photocurrent decay is obtained for both wavelengths. Fitting parameters are given in Table
4.A.1. (c)Comparison of the photocurrents at 0.05 seconds, obtained from the transient current fits, for different
applied voltages, and 450 nm light intensities of 2.6 mW/cm2 (I2.6, squares), 0.2 mW/cm2 (I0.2, triangles), and
no light (Idark , circles) during the voltage pulse. Slopes of the linear fits of the initial photocurrents are −9.9,
−2.4, and −0.6 nA/V for I2.6, I0.2, and Idark , respectively. (d) The same measurements repeated for 620 nm
light excitation, with irradiances of 1.9 mW/cm2 (I1.9, squares), 0.2 mW/cm2 (I0.2, triangles), and no light (Idark ,
circles) during the voltage pulse. The obtained slopes of I1.9, I0.2, and Idark are respectively −8.8, −2.0, and
−0.4 nA/V.
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Figure 4.A.7 shows similar photocurrent changes observed in Figure 4.2b and 4.3b for 450

and 620nm light. For both light sources, the photocurrent is enhanced after applying a−1

V pulse, as shown in Figure 4.A.7a and b. After initial drift-dominated decay, the photocur-

rent thendecays furtherbyadiffusion-limitedprocess. Fittingparametersof themeasure-

ments are given in Table 4.A.1.

Similar to the 520 nm experiments in Figure 4.3b, the photocurrent changes for the 450

and 620 nm light sources are linear with respect to the input voltage andmore significant

under higher irradiances, as follows from Figure 4.A.7c and d and the fitting parameters.

The larger photocurrent changes for the 450 nm light can be explained by the higher ab-

sorption by the MAPbI3 layer for this wavelength of light (see the UV/Vis absorption spec-

trum in Figure 4.1c).

Table 4.A.1: Fitting parameters for the measurements performed with different irradiance (Figure 4.A.6a and b)
or wavelength (Figure 4.A.7a and b) during the −1 V pulse. Errors indicate one standard deviation.

Illumination conditions I0,cap (nA) τ (s) k (nA
√
s) Ioffset (nA)

No illumination 0.97 ± 0.09 0.14 ± 0.01 0.026 ± 0.016 0.074 ± 0.011
520 nm, 2.3 mW/cm2 13.0 ± 1.4 0.19 ± 0.02 0.61 ± 0.33 −0.33 ± 0.22
450 nm, 0.24 mW/cm2 2.3 ± 0.2 0.20 ± 0.02 0.080 ± 0.054 0.038 ± 0.035
620 nm, 0.18 mW/cm2 1.9 ± 0.2 0.18 ± 0.02 0.12 ± 0.04 0.035 ± 0.028
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e f

c d

a b

Figure 4.A.8: Optoelectronic synapse measurements on devices with FAPbBr3 and FAPb(I0.5Br0.5)3 halide per‐
ovskite active layers with 520 nm light. (a), (b)Absorption spectra of, respectively, FAPbBr3 and FAPb(I0.5Br0.5)3
on quartz substrates. The absorption onsets shift to lower wavelengths for perovskite layers with a larger bro‐
mide content. (c), (d) Fits to transient photocurrent measurements with a −1 V pulse at t = 0 seconds and
520 nm light illumination with a 0.2 mW/cm2 irradiance. Both devices show similar decays, with a larger pho‐
tocurrent measured for the FAPbBr3‐device. (e), (f) Linear fits to initial photocurrents obtained for different set
voltages and illumination intensities of 2.3 mW/cm2 (I2.3, squares), 0.2 mW/cm2 (I0.2, triangles), or no illumi‐
nation (Idark , circles). For the FAPbBr3 device, the slopes of I2.3, I0.2, and Idark were −2.4, −0.7, and −0.4
nA/V, respectively. The slopes of I2.3, I0.2, and Idark for the FAPb(I0.5Br0.5)3 device were respectively −1.3,
−0.5, and −0.2 nA/V.



444444444

108 | 4. MICROSCALE OPTOELECTRONIC SYNAPSES WITH SWITCHABLE PHOTOCURRENT

Figure 4.A.8 shows that optoelectronic synapses can be fabricated with FAPbBr3

and FAPb(I0.5Br0.5)3 active layers as well. The absorption spectra of FAPbBr3 and

FAPb(I0.5Br0.5)3 in Figure 4.A.8a and b, respectively, show that the absorption onset of

these perovskites shift to shorter wavelengths formore bromide-containing perovskites.

Figure 4.A.8c and d show measurements of photocurrent modulation with a −1 V pulse.

Both perovskites show similar photocurrent enhancements and decays, again first domi-

nated by drift, followed by diffusion at later times. Figure 4.A.8e and f show the expected

higher photocurrent enhancement for larger voltage amplitudes and illumination in-

tensities. The slightly larger photocurrent enhancement of the FAPbBr3 device can be

explained by the higher 520 nm light absorption of this film.

Figure 4.A.9a and b show similar photocurrent decays for measurements with 450 nm

illumination. Both devices show slightly higher photocurrents compared to the 520 nm

illumination conditions in Figure 4.A.8c and d. The fits to the initial photocurrents with

respect to the set voltage in Figure 4.A.9c and d are also slightly steeper compared to those

in Figure 4.A.8e and f. Both discrepancies can be explained by the higher absorbance

for shorter wavelengths of both perovskites, as follows from the absorption spectra in

Figure 4.A.8a and b. Fitting parameters for the measurements in Figure 4.A.8c and d

and Figure 4.A.9a and b are given in Table 4.A.2. For both wavelengths, the photocurrent

enhancement is much less significant compared to the measurements on the MAPbI3
device in Figure 4.2b and Figure 4.3b. This can be explained by the higher mobility of

iodide vacancies inMAPbI3 perovskites.[54, 55]

Table 4.A.2: Fitting parameters for the measurements on the FAPbBr3 and FAPb(I0.5Br0.5)3 devices in Figure
4.A.8c and d and Figure 4.A.9a and b. Errors indicate one standard deviation.

Illumination conditions I0,cap (nA) τ (s) k (nA
√
s) Ioffset (nA)

FAPbBr3 (520 nm) 0.71 ± 0.05 0.16 ± 0.01 0.046 ± 0.010 0.066 ± 0.006
FAPbBr3 (450 nm) 1.0 ± 0.1 0.14 ± 0.01 0.056 ± 0.01 0.042 ± 0.07
FAPb(I0.5Br0.5)3 (520 nm) 0.56 ± 0.04 0.17 ± 0.01 0.015 ± 0.008 0.050 ± 0.005
FAPb(I0.5Br0.5)3 (450 nm) 0.63 ± 0.04 0.18 ± 0.01 0.023 ± 0.009 0.037 ± 0.006
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c d

a b

Figure 4.A.9: Optoelectronic synapse measurements on devices with FAPbBr3 and FAPb(I0.5Br0.5)3 halide per‐
ovskite active layers with 450 nm light. (a), (b) Fits to transient photocurrent measurements with a −1 V pulse
at t = 0 seconds and 450 nm light illumination with a 0.2 mW/cm2 irradiance. As in Figure 4.A.8, photocurrent
decays are similar for both devices, with a larger initial photocurrent measured for the FAPbBr3 device. (c), (d)
Linear fits to initial photocurrents obtained for different set voltages and illumination intensities. Irradiances
were 2.6 mW/cm2 (I2.6, squares), 0.2 mW/cm2 (I0.2, triangles), or the devices were kept in dark during the volt‐
age pulse (Idark , circles). For the FAPbBr3 device, slopes of −2.6, −0.9, and −0.4 nA/V were found for I2.6,
I0.2, and Idark , respectively. For the FAPb(I0.5Br0.5)3 device, the slopes of I2.6, I0.2, and Idark were−1.8,−0.6,
and −0.2 nA/V, respectively.
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4.A.1 Simulating optoelectronic synapse arrays implementing different learning

rules
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Figure 4.A.10: Schematic representation of the simulations. (a) Input frames X(t) are projected on an array of
synapsesW(t). Each synapse outputs a weight‐dependent current if it is illuminated. All currents are summed
and integrated by a leaky integrate‐and‐fire neuron. Spike outputs by the neuron are used as feedback to update
the synaptic weights. The spikes can also be propagated to a neuromorphic network for further processing of
the input. (b) Example calculation of the current for the input frameX(t) and synapse arrayW(t) after the STDP
weight update at t1 in Figure 4.5b. The currents of all pixels are summed to obtain I(t).

Thesimulations inFigure4.5 andFigure4.A.14wereperformedwithacustomPythonmod-

ule. Themodule used NumPy (version 1.26.4) for numerical operations, run in Python ver-

sion 3.11. The simulations are illustrated schematically in Figure 4.A.10a and b. A 34-by-

34-pixel sample of the N-MNIST test set was binarized and binned into 2.5 ms frames. Bi-

narized input frames are represented by the two-dimensional matrix X(t), where each el-
ement is either 1 (illuminated pixels), or 0 (dark pixels), so that X(t) ∈ {0, 1}34×34. Illumi-

nation wasmodeled based on the 520 nm, 0.2 mW/cm2 data in themain text. Each frame

is sequentially projected onto the 34-by-34 volatile synapse arrayW(t), where each pixel
Xmn(t) is used as input for its corresponding synapse Wmn(t). The timestep between

frames is increased from 2.5 to 45 ms to match the timesteps in the experimental mea-

surements. This leads to an artificial “slowing” of the video data. The 45 ms timestep is a

limitation of our experimental setup, and could be overcome with a faster electrical char-

acterization of theMPOS.
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For each timestep, first the total photocurrent output of the synapse array is calculated

based on X(t) andW(t), as shown in Figure 4.A.10a. Figure 4.A.10b shows an example cal-

culationof theoutput current. This current is thenused toupdate themembranepotential

of a leaky integrate-and-fire (LIF) neuron, which fires a spike if the membrane potential

reaches a threshold. The spike is applied to the synapses in the array as a feedback signal.

In actual implementations, the spikes can also be propagated to following layers of amore

complex network. The adaptive focusing on features of interest could help these networks

with, for example, classification tasks.[7] Finally, the synaptic weights in the array are up-

dated. If a feedback spike is provided, the synaptic weights are updated based on the volt-

age profile of the spike and the simultaneous illumination conditions. If no feedback spike

is provided, the synaptic weights decay to a steady-state value. This Section first briefly

explains calculations of the photocurrent output by the synapse array and the LIF neuron

membrane potential updates. Next, it describes how the synapticweights are obtained for

different feedback spikes.

The photocurrent generated by each synapse is determined by multiplying its binary in-

put, Xmn(t) a base current Ibase of 95 pA (the constant offset photocurrent Ioffset in Fig-

ure 4.2b of the main text), and a scale factor (synaptic weight), Wmn(t). All currents are
summed, giving a total current output of the synapse array of:

I(t) = Ibase · ⟨W(t), X(t)⟩ = Ibase ·
M∑

m=1

N∑
n=1

Wmn(t)Xmn(t) (4.1)

Themembrane potential of the LIF neuron is updated after each frame based on this cur-

rent. Weset the threshold (1V), characteristic time (50ms), and the resistance (2.3×108 Ω)
of the neuron to obtain appropriate spike rates for the given inputs. After the threshold

voltage is reached, the neuron outputs a spike and themembrane potential of the neuron

is reset to 0V.
Thespikeapplied to thesynapsearraycausesanupdateof thesynapticweights. Thevolatil-

ity of the synapses ismodeled as aweight decay to a steady-state value of 1.0 in timesteps

whereno feedbackspike isapplied. Allweightdecaysaremodeledbasedonanexponential

I0,cape−t/τ drift term. From the fit in Figure 4.2b in the main text, it follows that the pho-

tocurrent decays predominantly by this term. The decay by the kt−1/2 diffusion term is

only minor and is therefore ignored in the simulations for simplicity. This approximation

allows us to describe the synaptic weight changes based on the charging and discharging

of a capacitor, where the capacitor voltage is due to ion accumulation at the cathode (per

the left panel in Figure 4.2c).[39] The photocurrent response is determined by this voltage,

which is therefore used as a measure for the synaptic weight. With the capacitor approx-
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imation, the change in voltage in the device for simple voltage pulses as in Figure 4.3 can

be described as an RC step response:

V (t) = Vsup + (Vinit − Vsup)e−t/τ (4.2)

where V (t) is the time-dependent voltage in the synapse induced by ion accumulation,

Vsup thespikevoltageapplied to thedevice,Vinit thevoltage in thedevicebefore theupdate

pulse, t is the duration of the pulse, and τ is the characteristic time. As the timestep in the

simulations in constant, equation 4.2 can be rewritten as a first-order linear recurrence

relation:

Vi+1 = Vsup + (Vi − Vsup) e− t1
τ = Vie

− t1
τ + a (4.3)

where a = Vsup(1 − e− t1
τ ),Vi andVi+1 are the voltage in the device at timestep i and i + 1,

respectively. Inoursimulations, t1 is the45mstimestep. In theabsenceofa feedbackspike

(Vsup = 0), a = 0 and the voltage decays exponentially. The photocurrent is assumed to be

directly proportional to this voltage, which follows from the linear increases in photocur-

rent with applied voltagemagnitude in Figure 4.3b. This assumption is further supported

by the constant resistance observed in the I-V sweeps in light and dark in Figure 4.A.2.

From themeasurements in Figure 4.2b andFigure 4.A.6a, it follows that ahigher photocur-

rent is extracted after a −1 V pulse is applied while the device is illuminated compared to

if the device is kept in dark during the−1 V pulse. This can be captured by equation 4.3 as a

difference in the characteristic time τ during the application of the feedback spike voltage.

Mechanistically, the difference in τ can be explained by a higher ionic conductivity under

illumination.[22] The characteristic time if the device is in dark can be approximated as

τdark = 190 ms based on the fit in Figure 4.2b, where the device is kept in dark the ma-

jority of the time. Assuming a linear relation between the photocurrent and the built-in

voltage, τlight can be found by setting:

I0,light

I0,dark
= Vi+1,light

Vi+1,dark
(4.4)

Where I0,light and I0,dark are obtained from the drift-term fit in Figure 4.2b and Figure

4.A.6a, respectively, and Vi+1,light and Vi+1,dark are obtained from equation 3, setting

τ = τdark for Vi+1,dark , and Vi = 0 V for both voltages, per the experimental conditions.

From equation 4.4 we obtain τlight = 24ms.

Changes to the induced electric field in the device Vi for different illumination conditions

and feedback pulse voltages can now be described using τdark and τlight and equation
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4.3. The synaptic weight Wi is a scale factor of the base current that relates this Vi to the

output photocurrent Ii:

Ii = Ibase · Wi (Vi) (4.5)

Before any voltage is applied to the device, the device is in steady-state conditions. Conse-

quently, the device outputs only the base current upon illumination, for which we define

the synaptic weight as 1.0:

Wi (Vi = 0) ≡ 1.0 (4.6)

From the linear dependence of the photocurrent Ii on the induced electric field,Vi, and of

the photocurrent on the synapticweight in equation 4.5, it follows that the synapticweight

should also depend linearly on Vi. Also considering equation 4.6, the synaptic weight can

be calculated as:

Wi (Vi) = 1 + αVi (4.7)

where α is a constant scale factor. To determine α, we calculateWi+1 (Vi+1) and Vi+1 for

the measurement in Figure 4.2b using equations 4.5 and 4.3, respectively. From the ob-

tained values (Wi+1 (Vi+1) = 31.6 andVi+1 = −0.85V), we calculateα = − 30.6
0.85 V . Substi-

tuting into equation 4.7 yields:

Wi (Vi) = 1 − Vi

0.85V
· 30.6 (4.8)

Finally, a first-order linear recurrence relationofWi+1 in termsofWi canbe foundby sub-

stituting equation 4.3 into equation 4.8:

Wi+1 = e− t1
τ Wi + b (4.9)

with b = 1 − e− t1
τ − a

0.85 V · 30.6, and a the term of equation 4.3.

To validate the derived expressions for the synaptic weights and corresponding photocur-

rents, weused equation4.5 and4.9 to reproduce experimental results in themain text. Fig-

ure4.A.11a compares thecalculatedweight andphotocurrent fordifferentappliedvoltages

Vsup to the experimental results fromFigure 4.3b. Figure 4.A.11b compares theweight and

photocurrent decay obtained from the simulationswith the results fromFigure 4.2b. Both

are described well by the simulations. The simulated weight changes slightly underesti-

mate thevaluesobtained fromexperimentbecauseof the lackof thediffusioncomponent.

As an illustration, Figure 4.A.11c shows a simple simulation of weight updates of a synapse
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Figure 4.A.11: Comparison of simulations of weight updates of a single synapse to experiments to validate the
simulation results. (a) Comparison of weight changes with respect to voltage with experimental results. (b)
Comparison of the simulated weight decay over time with experimental results. In both (a) and (b), the simu‐
lated weights slightly underestimate the synaptic weights. (c) Simulation of synaptic weight updates based on
a random voltage and light profile. The random voltage profile is shown in the top panel. Green shaded regions
indicate simultaneous illumination of the device. The synaptic weight in the bottom panel increases when a volt‐
age is applied. Every marker represents the synaptic weight at a 45 ms timestep. Increases are more significant
if the device is illuminated during a −1 V pulse.

when a random voltage and light profile is applied. Similar to the plot in Figure 4.A.11a,

larger weight updates are found for voltage pulses that overlapwith light pulses. This sim-

ple simulation shows how the weight increases logarithmically with successive applied

pulses, and decays exponentially when no voltage is applied, as expected from the approx-

imation of theweight changes as charging and discharging of a capacitor.
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Figure 4.A.12: Schematic of different illumination conditions during applied voltages that are considered by the
simulations. (a) Simple voltage pulses (−1 V in this plot) are either applied in the dark, or with simultaneous
illumination, shown by the green shaded area. (b) −1 V to +0.5 V STDP pulses overlap partially with the light
pulses. The overlap is expressed as the time difference of the center of the STDP voltage profile and the center
of the 45 ms light pulse, ∆t. The schematic shows examples where ∆t is positive and decreasing with each
pulse.

Simulations implementing (anti-)STDP feedback spikes from Figure 4.4 follow a similar

procedure. First the total photocurrent is determined using equation 4.1, after which the

membrane potential of the same LIF neuron is updated and compared to its threshold. Fi-

nally, thesynapticweightsareupdated. Weightdecaywassimulatedbasedonequation4.3.

However, determiningVi for themore complex∓1V to±0.5V feedback pulses requires a

modification of this equation to:

Vi+1 = Vie
− t1

τ∓1V e
− t1

τ±0.5V ± c (4.10)

where c = e
− t1

τ∓1V e
− t1

τ±0.5V − 1.5e
− t1

τ±0.5V + 0.5, and τ∓1V and τ±0.5V are the character-

istic times during the∓1V and±0.5V pulses, respectively.

In addition to this, the weight updates described before assume illumination of the

synapse for the entire duration of the feedback pulse, or no illumination at all, shown

by Figure 4.A.12a. By contrast, the (anti-)STDP updates depend on the time difference

between the feedback spike and the illumination of the synapse (∆t), and allow varying

degrees of overlap with the feedback spike, illustrated by Figure 4.A.12b. Figure 4.4 in the

main text shows that the sign andmagnitude of the weight changes depend on this delay

time. Modifications to the previously derived equations to calculate weight updates as a
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function of∆t are described below.

First, equation 4.8 is redefined to correct for any differences compared to the sim-

ple feedback pulse case. For the STDP measurement in Figure 4.4a in the main text,

Wi+1 (Vi+1) = 17 for ∆t = 22.5 ms. This time delay corresponds to full overlap of the

light pulse with the −1 V pulse, followed by a +0.5 V pulse in dark, as in the right-most

condition in Figure 4.A.12b. The corresponding Vi+1 can therefore be calculated from

equation 4.10, by setting τ−1V = τlight and τ+0.5V = τdark , yielding Vi+1 = −0.57 V.

Substitution ofWi+1 (Vi+1) and the obtained value for Vi+1 into equation 4.7 gives:

Wi (Vi) = 1 − Vi

0.57V
· 16 (4.11)

We note that equation 4.8 gives a slightly different weight of Wi+1 (Vi+1 = −0.57V) =
21.5. A possible explanation could be an imperfect overlap of the light pulse with the−1 V

pulse, causing some overlap with the following+0.5 V pulse as well. Substitution of equa-

tion4.10 into equation4.11 to express theweight changes as a first-order linear recurrence

relation gives:

Wi+1 = e
− t1

τ∓1V e
− t1

τ±0.5V Wi + d (4.12)

where d = 1 − e
− t1

τ∓1V e
− t1

τ±0.5V ∓ c
0.57 · 16, and c the term of equation 4.10.

In the derivation of equation 4.11, the −1 V pulse fully overlapped with the light pulse and

the +0.5 V pulse was fully in dark, so τ−1V = τlight and τ+0.5V = τdark . However, other

values of ∆t would give partial overlap with the voltage pulses. Figure 4.4 shows that this

results in smallermodulation of the synapticweight, which canbe explained by a value for

τ between τlight and τdark . Hence, insteadof τ ∈ {τlight, τdark}, τ is a continuous function
of delay ∆t for the (anti-)STDP updates. An expression for τ(∆t) can be found by setting

equation 4.12 equal to the fitting equation of Figure 4.4:

e
− t1

τ∓1V e
− t1

τ±0.5V W1 + d = Ae±∆t/fit (4.13)

where A and τfit are obtained from the empirical fits in Figure 4.4 and W1 = 1.0 per the
experimental conditions. To obtain τ(∆t), it is assumed that either the∓1V or the±0.5V
pulse is fully in dark, so τ∓1V = τdark or τ±0.5V = τdark . Based on this assumption, (par-

tial) overlap of the light pulse with the−1 V part of the STDP pulse gives:

τ−1V = − t1

ln
[
1.5 − 0.5

e
− t1

τdark

+ 0.57

16e
− t1

τdark

(1 − 34.3e− ∆t
29.4 ms )

] (4.14)
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While overlap of the light pulse with the+0.5 V part of the STDP pulse gives:

τ+0.5V = − t1

ln
[

1

e
− t1

τdark −1.5
( 0.57

16 (36.3e
∆t

11.3 ms + 1) − 0.5)
] (4.15)

Similarly, for theanti-STDPpulses, ignoring theoffset in the fittingequation, overlapof the

light pulse with the+1 V pulse gives:

τ+1V = − t1

ln

[
1.5 − 0.5

e
− t1

τdark

+ 0.57

16e
− t1

τdark

(1 + 40.9e− ∆t
24.7 ms )

] (4.16)

and overlapwith the−0.5 V pulse yields:

τ−0.5V = − t1

ln

[
1

e
− t1

τdark −1.5
( 0.57

16 (30.8e
∆t

17.5 ms − 1) − 0.5)
] (4.17)

The equations derived above were validated by comparing weights obtained from simu-

lations to the experimentally obtained weight changes in Figure 4.4. Figure 4.A.13a and b

show a perfect match. Figure 4.A.13c shows a simple simulation of STDP weight updates

of a single synapse. A random STDP voltage profile is applied to the synapse, which up-

dates its weight depending on the overlap with the light pulse. Similar to the simulation

in Figure 4.A.11c, this simple simulation shows the expected logarithmic weight increases,

and exponential decays with each update. However, the STDP pulses allow both positive

and negative weights for the same feedback pulse voltage profile depending on the over-

lapwith the light pulse.

When the (anti-)STDP pulses are used to update the synapse array, ∆t is determined by

searching X(t) for a light pulse from t = tspike − 100 ms to t = tspike + 100 ms. If mul-

tiple light pulses are found, ∆t is determined from the light pulse that is closest in time

to the feedback spike. If no light pulse is found, the synaptic weight does not change, in

accordancewith the experimental results in Figure 4.4. Currently, the timestep in the sim-

ulation and the light and voltage pulse durations are all 45 ms, per the experimental con-

ditions in the main text. Consequently, the light pulses overlap fully with either the −1 V

or the+0.5 V part of the STDP pulse, or not at all. This is a limitation of our current simula-

tions that stems fromtheminimumstep size of 45ms in themeasurements. Nevertheless,

the (anti-)STDP updates can be extended easily to also allow the partial overlaps shown in

Figure 4.A.12b. Smaller step sizes could be implemented with the currently derived equa-

tions, extrapolating our experimental results. In future work, themeasurements could be

repeated on a setup that allows smaller timesteps to validate that the equations and as-
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Figure 4.A.13: STDP weight updates simulated for a single synapse to validate the simulation results. (a) Com‐
parison of simulated ∆t dependent weight updates for STDP with the experimental fit in Figure 4.4a. (b) Com‐
parison of the simulated ∆t dependent weight updates for anti‐STDP with the experimental fit in Figure 4.4b.
Simulated and experimentally obtained weight updates match perfectly for both update rules. (c) Simulation of
STDP synaptic weight updates based on a random STDP voltage and light profile. The random STDP voltage
profile is shown in the top panel. Green shaded regions indicate simultaneous illumination of the device. The
synaptic weight in the bottom panel increases or decreases depending on what part of the voltage profile over‐
laps with the light pulse. Every marker represents the synaptic weight at a 45 ms timestep.

sumptions hold for shorter timescales as well. Equations 4.14 - 4.17 could then be updated

accordingly if necessary.
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4.A.2 Attention‐based learning with simple −1 V pulses

Figure 4.A.14c demonstrates how a more top-down attention mechanism can be imple-

mentedbyapplying−1Vpulses only to illuminated synapses after eachneuron spike. Pos-

itive weights are obtained only in the regions illuminated with the number 2, similar to

the STDP-learning array in Figure 4.5b. However, applying the −1 V pulses to all pixels, as

with theSTDP-learningalgorithm, causesall synapticweights toconverge to thesamehigh

value over time and does not lead to attention, as demonstrated by Figure 4.A.14b. These

results illustrate that this top-down approach requires amore elaborate feedbackmecha-

nism compared to the (anti-)STDP updates in Figure 4.5 in the main text. This makes the

top-down approach more difficult to scale. Nevertheless, this approach could be worth-

while formore complex inputswhere the (anti-)STDPupdates cannot sufficiently separate

features of interest.
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Figure 4.A.14: The attention mechanism implemented with −1 V pulses. (a) The same input frames of the N‐
MNIST sample number 2 as in Figure 4.5 in the main text. The frames are taken at the same simulation times t1
(585 ms), t2 (1035 ms), and t3 (1440 ms). (b) The synaptic weights of an optoelectronic synapse array to which
−1 V pulses are applied to all synapses after each neuron spike. The three panels show the weights of the array
after being presented the frames in (a). The synaptic weights of illuminated synapses are increased to a larger
degree, but cumulative spiking causes all synapses to have the same weights after t3. (c) The synaptic weights of
an optoelectronic synapse array to which −1 V pulses are applied selectively only to illuminated synapses after
each neuron spike. Larger synaptic weights are found only in regions that were illuminated with the number 2.
(d) Event‐plot of the neuron spikes over time. Higher spiking frequencies are found for the arrays implementing
the weight changes in (b) (“All”) and (c) (“Selective”) compared to an array that does not implement any weight
changes (“No Update”). The blue shaded region indicates the times during which the number 2 is visible in the
N‐MNIST frames, i.e. when the neuron should output spikes.
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5
Microscale Optoelectronic Reservoir Networks

for In‐Sensor Computing

Abstract

Physical reservoir computing is a promising framework for efficient neuromorphic in and

near-sensor computing applications. Here we demonstrate a multimodal optoelectronic

reservoir network based on halide perovskite semiconductor devices, capable of process-

ing both voltage and light inputs. The devices consist of micrometer-sized, asymmetric

crossbars covered with a MAPbI3 perovskite film. In a network, we simulate the perfor-

mance by transforming MNIST images and videos based on the N-MNIST dataset using

4-bit inputs and training linear readout layers for classification. We demonstrate multi-

modal networks capable of processing both voltage and light inputs, reaching mean ac-

curacies up to 95.3 ± 0.1% and 89.0 ± 0.1% for image and video classification, respectively.

We observed onlyminor deterioration bymeasurement noise. The networks significantly

outperformed linear classifier references, by 3.1% for images and 15.8% for video. Weshow

that longer retention times benefit classification accuracy for single-mode networks, and

give guidelines for choosing optimal experimental parameters. Moreover, themicroscale

device architecture lends itself well to further downscaling in high-density sensor arrays,

making the devices ideal for efficient in-sensor computing.

Thischapter isbasedon: deBoer, J.J., Alvarez,A.O., Schmidt,M.C.,&Ehrler,B. In-sensorcomputing
with halide perovskite-based optoelectronic reservoir networks. Device (2025), in press
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5.1 Introduction

While upscaling of neural networks has resulted in impressive increases in their capabili-

ties, it has also led to an exponential rise in energy consumption.[1] Novel neuromorphic

hardware neural networks inspired by the brain are an appealing, more energy-efficient

alternative.[2, 3]Brain-inspirednetworks thatprocess inputsclose to thesensorarepartic-

ularly interesting for reducing inefficient data transfer and power consumption.[4] Physi-

cal reservoir computing is a compelling approach for this purpose, as it leverages inherent

device dynamics to preprocess inputs. In reservoir computing, a fixed dynamical system

nonlinearly transforms inputs to increase linear separability,[5] after which a simple lin-

ear readout layer is used for classification.[6, 7] As only the simple linear readout layer is

trained, thesenetworks are significantly easier to implement inhardware thanneuromor-

phic networks withmany complex trained layers.[2, 8]

Physical reservoirs for in-sensor computing commonly apply the “single dynamical node”

approach,[7] shown schematically in Figure 5.1a. A time-dependent input is fed into the

device (“reservoir node”), which changes its state. The reservoir node has a volatile mem-

ory, so that its state depends on both the presented input and its history. The reservoir

node states are collected over time, and a linear weighted sum is taken to yield the final

output. For in-sensor computing, this approach is typically extended to arrays of reservoir

nodes,[9] as illustrated schematically in Figure 5.1b. After the input is transformed, the fi-

nal output is obtained by taking a weighted sum of the reservoir states. This can be imple-

mented by running the readout reservoir states through a resistive or memristive device

array.[9]Optionally, the output canbe collected for further processing ondigital platforms.

These networks do not require external memory if only the final device states are consid-

ered, strongly reducing inefficient data transport.[3]

A broad range of platforms is suitable for physical reservoir computing because the reser-

voir only requires a fixed nonlinear transformation of an input. Implementations include

memristive devices,[9, 10] photonic circuits,[11, 12] and spintronic devices.[13] The abil-

ity of optoelectronic devices to process a broad range of inputs makes them particularly

attractive for in-sensor reservoir computing.[14] These devices can process various mul-

timodal optical and electronic inputs and combine them to increase classification accu-

racy.[15] Halide perovskites have excellent optoelectronic properties and are hence well-

suited for reservoir computing. Next to strong light absorption, they feature complex and

tunable transient behavior due to ionmigration induced by a light or voltage bias.[16] Sev-

eral reports have explored the use of halide perovskites for reservoir computing.[17–20]

However, in these implementations, the reservoirwas limited to detecting either a voltage



55555555555

5.2. RESULTS AND DISCUSSION | 129

or a light-based input, andmultimodal sensingwas not explored. Moreover, these reports

did not address the difficulty ofmicrofabrication of halide perovskite devices,[21] which is

necessary for high-density integration.

Here,weaddress these gapsby implementing themicroscale halideperovskite deviceswe

developedasoptoelectronic artificial synapses inChapter4 for reservoir computing. After

applying a voltage pulse, the devices output an ionic displacement current that decays on

the seconds to hundreds of milliseconds timescale. Illuminating the device when a volt-

age is applied increases the current modulation. We investigate the linear separability of

four-bit light and voltage inputs based on this volatile current. Based on the results, we

construct in-sensor reservoir computing networks that transform and classify handwrit-

tendigits fromimages (MNIST)andvideo (modifiedN-MNIST),whileaccounting forexper-

imentallymeasured noise. We obtain classification accuracies up to 95.3 ± 0.1% for image

and 89.0 ± 0.1% for video datasets when combining both inputs in the same multimodal

network, surpassing linear classifier references. When considering only one type of in-

put, light-input networks outperformed networks based on voltage inputs. We showwith

simulations that this is due to the shorter retention time relative to the input frequency

for voltage inputs. The simulations allow facile estimation of network accuracies based on

the4-bit inputmeasurements, valuablewhen fine-tuningexperimental parameters. They

also show complementary transformations by the light and voltage networks, leading to

the high accuracy of the multimodal networks. Our results demonstrate the potential of

halide perovskite volatile devices for efficient, multimodal in-sensor computing.

5.2 Results and Discussion

5.2.1 Reservoir computing with a volatile halide perovksite device

A schematic image of themicroscale halide perovskite device is shown in Figure 5.1c. The

device consists of 2.5 µm-wide, back-contacted crosspoint electrodes of gold that sand-

wich an insulating Al2O3 layer. A MAPbI3 layer is spin-coated over the crosspoint elec-

trodes. We have developed this device architecture in Chapter 3 and 4 to prevent degra-

dation of the perovskite layer duringmicrofabrication.

The example of a pulsed voltage and light measurement in Figure 5.1d shows how the de-

vice could be used as a reservoir node. Four−1 V pulses, corresponding to the four inputs

atdifferent times inFigure5.1a, areapplied to thedevice. Thecurrent, resembling the read-

out statesx(t), ismeasured continuously. Each combinationof a−1 Vpulse and the subse-

quent dwell time, duringwhich the current ismeasured, represents one∆t timestep from

Figure 5.1a. We use ∆t to refer to the timesteps instead of the more conventional “τ ” to



55555555555

130 | 5. MICROSCALE OPTOELECTRONIC RESERVOIR NETWORKS FOR IN‐SENSOR COMPUTING

c

b

d

a

Reservoir Node

+∆t

+∆t

+∆t x(t  )0

x(t  +3∆t)0

States x(t) Output y(t)Input u(t)

u(t  )0

u(t  +∆t)0

u(t  +2∆t)0

u(t  +3∆t)0
Weights W

Mapped x

x 1

x 2

y1

y2

Weights W

Output yInput u(t)

u (t) 
1

u (t) 2

Sensor Array

s 1

s 2

s 
Ns

u  (t) 
Ns

x 
Nx

y
Ny

Post-processing

Au
Al2O3

MAPbI3

SiO2
A

+
-

Current output x(t)

Voltage input 
u            (t)voltage

Light input 
u        (t)light

+∆t

Single dynamical node reservoir computing 

In-sensor reservoir computing

Figure 5.1: Reservoir computing with volatile artificial synapses. (a) Schematic representation of reservoir com‐
puting with a single dynamical node. This node can be implemented with a volatile device (“reservoir node”)
processing a time‐encoded input, represented by input vector u(t). Each element of u(t) is an input at time
t. The input changes some internal state of the node, resulting in a nonlinear transformation of the input. The
output of the reservoir node at each point in time, represented by x(t), depends on the input at that time and
the previous state of the node. The states collected in x(t) are read out by taking a weighted sum with the
weight matrix W, giving the final output of the network, y(t). (b) Schematic of in‐sensor reservoir computing
with an array of volatile devices. Each device sn receives a time‐varying input un(t) and transforms it to one or
multiple states. The states of all nodes are collected in x. Similar to reservoir computing with a single dynamical
node, the final output y is obtained by taking a weighted sum with the weight matrixW. Afterwards, the output
can be collected for further processing. In both (a) and (b), only the weights inW are adapted during training. (c)
Schematic drawing of the volatile optoelectronic halide perovskite artificial synapse. The microscale device can
process both voltage and light inputs (u(t)) and gives a current as an output (x(t)). (d) An example pulsed volt‐
age measurement showing a slow current decay over hundreds of milliseconds after an applied pulse. A second
pulse applied during the decay gives a higher current compared to the first pulse. Simultaneously illuminating
the device when two more voltage pulses are applied increases the change in current. The currents measured
during the pulses are omitted for clarity. The pulse and its following dwell time correspond to one timestep (∆t)
in (a).
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avoid confusionwith the characteristic decay timeof the current.[22]Applying−1Vpulses

results in a current that decays slowly over hundreds ofmilliseconds after each pulse. The

current recorded after the secondpulse (0.29 nA) is slightly larger than after the first pulse

(0.27 nA). Higher current changes are obtained after the third (0.40 nA) and fourth (0.60

nA)−1 V pulses, duringwhich the device was simultaneously illuminated. This difference

demonstrates that the device’s response to a new input, i.e. its read-out state, depends on

both the input itself and thehistory of previous inputs, a requirement of reservoir comput-

ing. Crucially, both the voltage and light pulses affect the current in distinct ways.

In Chapter 4, we have shown that the current decay of this device after a voltage pulse is

governedbyacombined ionicdrift anddiffusionprocess. Here, thedecay follows the same

ionic drift and diffusion processes, as follows from the fit in Figure 5.A.1. Drift-diffusion

simulations in Figure 5.A.2 further corroborate that the transient current response is due

to an ionic displacement current. The increase in current after eachpulse is due to further

accumulation of ions. Illumination during the −1 V pulse likely enhances the accumula-

tion due to the higher ionic conductivity in light,[23] in line with the results in Chapter 4.

Using this volatile current for reservoir computing requires a linearly separable output for

different inputs. We first investigate this linearity for voltage inputs without illumination.

Next, we explore it for inputs combining voltage pulses with light inputs.

5.2.2 Voltage inputs

The voltage inputmeasurements are shownschematically in Figure 5.2a. Input sequences

were provided in four timesteps with a 150 ms duration (∆t in Figure 5.1d). A −1 V pulse

can be applied during the first 50 ms of each timestep. Next, the current is measured for

100ms, always without applied voltage. The four timesteps allow sixteen different voltage

input sequences. These inputs can be represented as binary numbers, where a timestep

with an applied −1 V pulse is denoted as a binary “1”, and a timestep without applied volt-

age as a binary “0”.

An example measurement with a 1011 input sequence (input u(t) in Figure 5.1a and b) is

shown inFigure5.2b. Three−1Vpulses areapplied to thedevice,withamissing−1Vpulse

at the second timestep, shown as a dotted line. The currents collected in each timestep,

corresponding to the readout states x in Figure 5.1a and b, are referred to as I1, I2, I3, and

I4 in the plot. The current is increased after each pulse and decays in the absence of an

applied voltage, consistent with an ionic displacement current. Each of the sixteen possi-

ble four-bit sequenceswasmeasured 100 times. The separability of the sixteen inputswas

investigated by comparing the means and standard deviations of the I1, I2, I3, and I4 cur-

rents.
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Figure 5.2: Electronic measurements of four‐bit voltage profiles. (a) Schematic of the measurements. A four‐bit,
−1 V pulsed input is applied, and the resulting current is measured. (b) An example measurement of three −1
V pulses, shown in the top panel. The dotted line after the first pulse indicates a missing −1 V pulse for that
∆t timestep. Hence, this voltage profile corresponds to a 1011 input. The bottom panel shows the measured
currents. Currents after each of the four pulses used for further analysis (I1, I2, I3, and I4) are shown in blue. (c)
Mean I4 currents for each four‐bit input. Output currents are higher for inputs with more −1 V pulses, and for
inputs with pulses applied later in the 4‐bit input. Some means are close to overlapping, such as those of the
1100 and 0010 inputs highlighted by the dashed gray box. (d)Mean I1, I2, I3, and I4 currents of the highlighted
1100 and 0010 input. While the I4 currents are similar, the I1, I2, and I3 currents are easily separable.
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Figure 5.2c shows the obtainedmean and standard deviation of the I4 currents. The figure

shows that themeasured current increases as a larger number of voltage pulses is applied

and when pulses are applied for later bits, as expected for an ionic displacement current.

Some input sequences lead to similar currents, such as the highlighted 1100 and 0010 se-

quences. Even so, Figure 5.2d shows that themean I1, I2, and I3 currents are easily separa-

ble. Themeancurrents after eachbit of all inputs aregiven inFigure5.A.3. Even though the

standard deviations of several means overlap, the standard errors of themeans are small,

as demonstrated by Figure 5.A.4. This implies that themeans are well-defined.

For in-sensor reservoir computing applications, it is important that values from each dis-

tribution are meaningfully different. This difference can be determined from the overlap

of theprobabilitymassof thedistributions, i.e. theiroverlapcoefficient.[24]Theoverlapco-

efficients represent the fraction of common random samples of two distributions. Large

overlap coefficients indicate that it is likely that similar currentswill be obtained for differ-

ent inputs. Theoverlapcoefficientsof the I4 currentdistributionsaregiven inFigure5.A.5a.

While 68 of the 120 overlap coefficients are negligible, below 1%, 39 inputs have significant

overlap coefficients of 10% or higher. These inputs could be confused if only one sample

is provided to the network, potentially reducing its accuracy. The overlap of the distribu-

tions can be reduced significantly bymapping the inputs to both the I2 and the I4 currents,

as demonstrated by Figure 5.A.5b. In this case, 106 overlap coefficients are below 1%, and

only 9 overlap coefficients above 10% are found. Figure 5.A.5c shows that mapping to all

four currents results in negligible overlap coefficients for all inputs. Nonetheless, an im-

portant caveat is thatmapping tomultiple currents requires additionalmemory elements

in the in-sensor computing array, increasing device complexity and reducing energy effi-

ciency.

5.2.3 Light inputs

Next, we investigate the separability of the input sequences using light in addition to

voltage pulses. A schematic of the light input measurement is given in Figure 5.3a. Each

timestep (∆t in Figure 5.1d) for the light inputs was 270 ms. At the start of each timestep,

a −1 V pulse is applied for approximately 40 ms. Afterwards, the voltage is changed to

a constant +100 mV, and the current is measured. The voltage pulses set the input fre-

quency (∆t) of the device. Light pulses can be applied simultaneouslywith the−1 V pulses.

Applying a light pulse during the −1 V pulse is considered a binary “1”, while no applied

light during the −1 V pulse is represented by a binary “0”. The device was not illuminated

at any other part of the timestep. In our current implementation, it was not possible to

induce a volatile current by applying light pulseswithout a bias voltage. This suggests that
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Figure 5.3: Optoelectronic measurements of four‐bit light pulse inputs. (a) Schematic of the measurements.
Periodic −1 V pulses are applied to the device. Four‐bit light input sequences are applied simultaneously with
the−1V pulses. (b)An examplemeasurement of the 1011 sequence is shown as green shaded regions in the top
panel. Measured currents are shown in the bottom panel. The I1, I2, I3, and I4 currents used for further analysis
are shown in green. (c)Mean I4 currents for each four‐bit input. The mean currents are higher for inputs where
more light pulses are applied, and where these pulses are applied for later bits. The gray dotted box highlights
the 1101 and 0011 inputs as an example of inputs with similar means. (d) The I1, I2, I3, and I4 currents of the
1101 and 0011 inputs highlighted in (c). While the I4 currents are similar, the I1, I2, and I3 currents are noticeably
different.
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illumination does not generate a photovoltage that can drive ion migration. Fabricating

devices with electronically asymmetric electrodes could remedy this limitation.[19]

An example measurement of a 1011 input sequence (u(t) in Figure 5.1a and b) is shown in
Figure 5.3b. Similar to the example voltage inputmeasurement in Figure 5.2b, the current

is increased after each −1 V pulse. When the device is illuminated during the voltage

pulse, the current increase is enhanced, in accordancewith Chapter 4. This enhancement

can be explained by the higher ion mobility in the perovskite layer under illumination.

Interestingly, the current also seems to decay more slowly for the light inputs compared

to the voltage input in Figure 5.2b. Fits to the current decay after the 0000 and 0001

input sequences in Figure 5.A.6 show that this is due to a shift from a faster drift to a

slower diffusion decay. This trend indicates that accumulated ions experience a weaker

electric field after applying light pulses. A possible explanationmight be aflattening of the

electronic bands as the perovskite layer is illuminated, due to the increase in electronic

charge carrier density.[25] Analogous to the voltage sequences, the separability of each of

the sixteen possible inputs was investigated based on themeans and standard deviations

of the I1, I2, I3, and I4 currents (x in Figure 5.1b).
Themeans and standard deviations of the I4 currents for each input sequence are given in

Figure 5.3c. Higher currents are obtainedwhena largernumber of light pulses are applied,

and when the pulses are applied in later timesteps. Similarly to the voltage inputs, some

sequences for the light inputs showcomparable I4 current. The constant 100mVoffsetwe

use reduces theoverlapsomewhat. Figure5.A.7 shows themean I4 currents if nooffsetwas

applied, resulting in more similar values. Nonetheless, several means are closely spaced,

such as those of the highlighted 1101 and 0011 input sequences. Despite these similar

mean I4 currents, the I1, I2, and I3 currents aremore easily separable, as demonstrated by

Figure 5.3d. Themean I1, I2, I3, and I4 currents and standard deviations of each 4-bit light

sequence are given in Figure 5.A.8. Similar to the 4-bit voltage sequencesmeasurements,

standard errors of themeans are small, as illustrated by Figure 5.A.9. Overlap coefficients

are given in Figure 5.A.10. Of the 120 coefficients, 55 are 10% or larger when mapping to

only the I4 current. High overlap coefficients are found particularly for inputs containing

three or four light pulses. Similar to the voltage inputs, overlap is reduced significantly by

mapping to both I2 and I4, with only 18 significant overlap coefficients. Again, mapping to

all four currents yields no significant overlap for any combination of inputs.
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Figure 5.4: MNIST classification with images transformed based on light and voltage inputs. (a) Example trans‐
formation of a binarized MNIST image of a number 6. The image is divided into 2x2 pixel squares (“Square”), 4
pixel rows (“Rows”), or 4 pixel columns (“Columns”). Pixels are laid out in a row from the pixels labeled “1” to
“4”. White pixels are interpreted as a “1” (voltage or light pulse input), and black pixels as a “0” (no input). The
obtained 4‐bit binary sequence is matched to experimental voltage or light inputs, shown for the 1010 sequence
of the square example. The square, row, or column is converted (mapped) to the I4 current of that sequence. (b)
Example transformation based on square mapping to the voltage and light‐input data. In the “no noise” transfor‐
mations, the 2‐by‐2 pixel squares were mapped to the mean I4 current of the sequences. Noise was included
in the “with noise” case as described in the Methods section. The pixel highlighted in red corresponds to the
red patch in (a). (c) Mean classification accuracies of datasets transformed by mapping the images with the
Square, or combined Row and Column approach to the I4 currents of the voltage, light, or a combination of both
(multimodal) measurements. Accuracies are compared to references for which each square, row, or column was
mapped to the binary value of pixel 4 in (a), without considering the values of pixels 1, 2, and 3. From this, we
can determine the benefit of the volatile memory (see Methods for details). The accuracies are compared to a
linear classifier reference trained on the binarized MNIST dataset without any transformations. Each test accu‐
racy was determined from 10 independent runs with different random seeds. Error bars indicate one standard
deviation.
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5.2.4 MNIST classification

In the next step, we demonstrate the use of our optoelectronic artificial synapse in a

reservoir network. Reservoir networks were implemented based on either the voltage or

light sequences. MNIST handwritten digit classification was used to benchmark network

performance. Each sample of the binarized MNIST dataset was divided into 2x2 pixel

patches (“Square”), 4 pixel rows (“Row”), or 4 pixel columns (“Column”). These 4-pixel

arrays were then converted to 4-bit binary sequences. White pixels are interpreted as a “1”

(an input voltage or light pulse) and black pixels as a “0” (no input pulse). The sequence is

constructed by combining the obtained binary values in the order denoted in Figure 5.4a.

Next, we define amapping f : A → B, where A is any of the 16 possible 4-bit sequences,

obtained from the image, and B the corresponding I4 current from Figure 5.2c (voltage

input) or Figure 5.3c (light input). An example mapping of a 2x2 pixel square is shown

in Figure 5.4a. The square is converted to the 1010 pixel sequence which is mapped to

the I4 current of the 1010 voltage (Figure 5.2c) or light input (Figure 5.3c). In a physical

implementation, each square, row, or columnwould contain the input to one device in the

sensor array. The 4-bit sequences would then be applied as in Figure 5.2c or Figure 5.3c,

and afterwards the I4 current of each device in the array would be collected for readout.

Thismethod of temporally encoding segments of an image is commonly used in reservoir

computing.[26] The purpose of the reservoir in this application is to correlate the pixel

values to extract features in the images important for their classification. The square, row,

and column approach to transforming the images will therefore lead to the extraction of

features in one (column and row) or two dimensions (square).

Figure 5.4b shows the MNIST sample after mapping all squares to the corresponding I4
currents of the 4-bit voltage and light inputs. The transformed images correspond to the

mapped vector x in Figure 5.1b, where the I4 currents represent the states collected from

each node. We account for experimental noise in the transformation by mapping each

square to a random number taken from a normal distribution with the experimentally

determined I4 current mean and standard deviation for that sequence. Brighter pixels,

corresponding to higher I4 currents, are obtained for the light-transformed images

compared to voltage-inputs. Thus, compared to the voltage-input based transformations,

pixel values (currents) from earlier inputs are retained to a greater extent for the light-

transformed images, in line with the example 1010 mapping in Figure 5.4a. The longer

retention can be explained by the shift to slower current decay by ionic diffusion after

light inputs (Figure 5.A.6), resulting in a longermemorywindow.

Each image in the MNIST dataset was transformed by the Square, Row, or Column map-

ping approach. Linear readout layers were then trained on the transformed datasets.
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Figure 5.4c shows the obtained classification accuracies over ten independent runs for

different transformations. The networks are compared to reference networks trained

on the binarized MNIST dataset for which each square, row, or column was mapped to

the binary value of pixel 4 in Figure 5.4a. These reference networks are equivalent to

using a regular, memory-less sensor array (s), such as a camera, in combination with a

resistor array weight matrix (W). Comparing the reservoir network accuracies with the

reference therefore allows an accurate assessment of the contribution of the reservoir.

The accuracies are also compared to a linear classifier trained directly on the binarized

MNIST dataset. Reservoir transformations successfully increase the linear separability of

the dataset if reservoir network accuracies exceed that of this reference.

For the Square mapping approach, the light-based networks outperformed those based

on voltage inputs (0.5%, p < 0.001). We show in Section 5.B with simulations that this

is due to the longer memory window of light inputs, which results in higher contrast for

patches at the edges of the digits after the transform ation. The ratio of the retention

time to the input frequency of the light inputs is close to the optimum in the simula-

tions. Conversely, the shorter relative memory window of the voltage-based networks

provides higher contrast at patches containing many white pixels, which are typically

found in the centers of the digits. This is also visualized in Figure 5.4b. Previously, better

performance of reservoir networks was foundwhen combining two sensingmodes into a

single, multimodal network.[15, 27] These multimodal networks combine two nonlinear

transformations to increase linear separability. We construct multimodal networks by

combining the I4 currents of the voltage and light networks into a single mapped state

vector x. Theweightmatrix is trained on the combined states.

The multimodal network outperforms all other networks implementing the square

mapping, with a mean accuracy of 92.3 ± 0.1% (all differences p < 0.001). The improved

performance likely stems from the complementary combination of enhanced contrast at

the edge of the digit by the light-mapping and at the centers of the digits by the voltage-

mapping. The addition of noise comparable to the experimental noise only slightly

decreases the accuracy of the networks. Adding noise decreased the light-input andmul-

timodal network accuracy more strongly, likely due to the higher overlap coefficients of

the light input I4 currents (Figure 5.A.10) than those of the voltage inputs (Figure 5.A.5). In

all cases, the reservoir networks outperform the square reference, also when considering

the noise. This result shows that the transformations encode information relevant for

classification, also when considering experimental noise. Nevertheless, even without

considering experimental noise, themultimodal networkwith the Square transformation

does not significantly outperform the linear classifier (p = 0.681).
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In previous implementations of in-sensor reservoir networks, the MNIST dataset is

typically transformed in a four-pixel line-by-line fashion (“Row”, or “Column” in Figure

5.4a).[15, 28–30] We implement the same transformations in Figure 5.C.1a, b, and c. The

Figure shows that these transformations distort the imagemore strongly than the square

mappingmethod we follow in Figure 5.4. The classification accuracies are given in Figure

5.C.1d. The accuracies for both the voltage (89.0 ± 0.1%, 88.6 ± 0.1% with noise) and light

inputs (90.8 ±0.1%, 90.0 ±0.1%withnoise)were slightly higher for the row than the column

mapping, but are lower than thoseweobtained for the squaremapping in Figure 5.4c. This

is likely due to a stronger loss of relevant features as the images are compressed in only

one dimension. Interestingly, the mean accuracy of the multimodal network was 92.6 ±

0.1% (91.5 ± 0.1%with noise), slightly higher than for the squaremapping (p < 0.001). This
accuracy exceeds that of the linear classifier (p < 0.001), although only if experimental

noise is not considered. Similar to the squaremapping, this could be explainedby the com-

plementary combination of the light and voltage I4 current mapping. Furthermore, the

four-pixel rows extend over a larger distance in the image. This might allow the network

to better extract relevant features for classification. Notably, the accuracies of the light

input and the multimodal networks are higher than those reported in previous work.[15,

28–30] For the light-based network, this could be due to a more favorable current output

for the input sequences, as explained in Section 5.B. Another explanationmight be amore

thorough hyperparameter search before training the readout layers. For the multimodal

network, the accuracy is likely increased further by the complementary combination

of the light and voltage mapping, in line with previous work.[15, 27] Importantly, some

previously reportedaccuracies are comparable or even lower than the referencewe report

here.[15] This finding highlights the importance of thoroughly evaluating the reservoir

performance in comparison to reference linear classifiers to prevent overestimating the

contribution of the reservoir transformations.

A proven way to increase the accuracy of a reservoir computing network is to present the

images to thenetwork at different rotations.[26]We implement this herebymappingeach

digit with both the row and column approaches and concatenating the obtained mapped

image vectors to obtain a single combined vector x for each image. The readout layers are

then trained on the combined row and column transformed dataset. Network accuracies

are shown in Figure 5.4c as “Row+Column”. As expected,mean accuracies increased com-

pared to those of the square and separate rowand columnmapping. The highest obtained

mean accuracy was 95.3 ± 0.1% for the multimodal network. By combining the row and

columnmappings, the separability of features is increased in both dimensions. Compared

to the square mapping, features are extracted over larger distances in the images (4
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instead of 2 pixels in either direction), which can explain the better performance. Both the

light-input and multimodal networks implementing this mapping approach exceed the

linear classifier. These networks also further improve on previously reported in-sensor

reservoir implementations.[15, 28–30] Increasing the number of pixels mapped by each

device could further enhance the network accuracy.[26] The light inputs in particular

appear to have a sufficiently long retention time for mapping more than the currently

implemented 4 pixels at a time. Previously, applying additional rotations to the MNIST

dataset resulted in higher accuracies for software reservoir networks.[26] The same ap-

proachmight increase the accuracy of our networks as well. Another method to increase

the accuracy is to add hidden layers that perform further nonlinear transformations of

the data.[19] However, such are difficult to implement in hardware and are therefore less

interesting for in-sensor computing.

5.2.5 MNIST classification from video

Next, we investigated the reservoir network performance for natively temporal inputs

relevant to in-sensor computing. Handwritten digit classification from video, based on

the N-MNIST dataset,[31] is taken as an example. While the light input lends itself well

to detecting and transforming visual data, the voltage implementation could be useful

for processing data from a separate sensor detecting, for example, tactile signals.[15] We

followedasimilar approachasbefore. First, 34-by-34pixel binnedandbinarizedN-MNIST

frames are mapped to the experimental voltage and light data, as shown schematically

in Figure 5.5a. However, instead of squares, rows, or columns, individual pixels of four

consecutive frames aremapped to the I1, I2, I3, and I4 currents.

Figure 5.5b shows the frames after each pixel is mapped to the corresponding mean

currents of the 4-bit light sequence. The number six of the previous frames remains

visiblewith lower brightness in each consecutive frame, visualizing that information from

previous frames is retained. Figure 5.C.2 shows the transformed sample accounting for

the experimental noise, and the sample transformed based on voltage inputs. In all cases,

the number six remains recognizable after the transformation. However, the features of

previous frames remain brighter for the sample mapped to the light input. This is again

a result of the longer retention of information compared to the voltage input, similar to

Figure 5.4.

The dataset was transformed based on voltage and light input experimental currents.

As in Figure 5.4, multimodal networks were implemented by combining the voltage and

light-input transformed frames. Next, linear readout layers were trained on the trans-

formed datasets. A reference network was trained on a dataset that was not transformed.
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Figure 5.5: Handwritten digit classification from videowith frames transformed based on light and voltage inputs.
(a) Four consecutive frames of a number 6. Pixels underneath each frame show the pixel highlighted in red at
each timestep. For each pixel in the four frames, its four consecutive values are converted to a four‐bit light or
voltage pulse input sequence. The sequence is then applied (in silico) to the experimentally measured artificial
synapse. (b) Transformations of the frames in (a) after each timestep, based on the means of the four‐bit light
inputs. Each pixel is mapped following the procedure outlined in (a). The red boxes highlight the same pixel as in
the frames in (a). (c) Classification accuracies obtained for the reservoir networks based on voltage (blue), light
(green), and multimodal (teal) inputs. The accuracies are compared to a reference (gray) trained on the dataset
without transformations. Accuracies for networks also considering experimental noise are given in lighter colors.
Accuracies were obtained by taking the mean of 10 independent training runs.
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In our implementation, the frames (u(t)) are projected on the sensor array (s), and the

output currents of each device (x(t)) are collected continuously. Weighted sums of the

currents are taken with the weight matrix (W) after each input frame (for each timestep

∆t), to classify each frame consecutively. Analogous to the MNIST classification in Figure

5.4, the reference network is equivalent to an in-sensor network with a conventional,

memory-less sensor array such as a camera. The benefit of the transformations can be

evaluated by comparison with the reference. Network accuracies are given in Figure 5.5c.

Compared to the MNIST dataset, the video data is significantly less linearly separable,

as follows from the lower reference classification accuracy of 73.2 ± 0.1%. Interestingly,

markedly higher classification accuracies were found for the reservoir networks (79.2 ±

0.1%, 84.3 ±0.1%, and89.0 ±0.1% for voltage, light, andmultimodal sequences, respectively,

all p < 0.001). This implies that the transformations substantially increased the linear

separability of the dataset. The better performance of the light compared to the voltage

input networks we find here is again likely due to the longer retention time of the light

inputs (see Section 5.B). The higher accuracy of the multimodal network again likely

follows from the complementary transformations by the light and voltage networks. Also,

similar to the MNIST classification results, adding experimental noise resulted in only a

slight decrease in accuracy (0.8%, 0.5%, and 1.9% for the voltage, light, and multimodal

networks, respectively, all p < 0.001).
The considerable increases in classification accuracy of the MNIST handwritten digits

from both images and video show that the volatile optoelectronic devices are promising

for in-sensor computing applications. Particularly when implementing them in multi-

modal networks. Moreover, the back-contactedmicroscale device architecture lends itself

well to high-density integration in in-sensor computing arrays. Currently, we have only

implemented binary inputs. The capabilities of these arrays could be further extended by

consideringdifferent light intensities andvoltagemagnitudes. This extensionwould allow

processing real-time, analog signals. Analog inputs could simultaneously increase the

range of accessible reservoir states, potentially resulting in evenmore capable nonlinear

transformations.

5.3 Conclusion

In summary,wehavedemonstratedphysical reservoir networksbasedonback-contacted,

microscalehalideperovskitedevices. ThenetworksencodedMNIST imagesandN-MNIST-

based videos basedonexperimentallymeasured currents of thedeviceusing4-bit voltage

and light input sequences. We have shown with drift-diffusion simulations that the mea-
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sured current transients are due to ion migration in the device. When employed in a net-

work in silico, multimodal networks based on the devices that processed both light and

voltage inputs gavenotably higher classification accuracies compared to a linear classifier

reference. Themeanaccuracy of themultimodal networkwas 95.3 ±0.1%. Weexplainwith

simulations that the high accuracy is due to light-based transformations complementing

those based on voltage due to their difference in retention time, emphasizing different

features in the images. As a result, the accuracies we report here for the light-based and

multimodal networks are higher than those in previous work that followed a similar ap-

proach.[15, 28–30] Notable accuracy increases with respect to the reference were found

forMNIST classification from video aswell. Themean accuracy of the networks increased

by up to 15.8% to 89.0 ± 0.1% for the multimodal mapping. Hence, the ability of the halide

perovskite devices to process both voltage and light inputs allowsmultimodal processing

in the same chip, significantly improving accuracy. These accuracy gains, combined with

the microscale device architecture that lends itself well to high-density integration, are

promising for efficient in-sensor computing applications.

5.4 Materials and Methods

5.4.1 Materials

Silicon wafers with a 100 nm dry thermal oxide layer were purchased from Siegert Wafer.

PbI2 (99.99%) was purchased from TCI. Methylammonium iodide (MAI, purity not listed)

was purchased from Solaronix. Al(CH3)3 (97%), anhydrous DMF, DMSO, and chloroben-

zene were purchased from Sigma-Aldrich. MA-N1410 resist and MA-D533/s developer

were purchased fromMicro Resist. All materials were usedwithout further purification.

5.4.2 Halide perovskite device fabrication

Halide perovskite devices were fabricated as reported in Chapter 4. In short, 2.5 µmwide

goldbottomelectrodeswitha thicknessof80nmwerepatternedonthesiliconwaferusing

a lift-off process with the MA-N1410 resist. A 15 nm Al2O3 insulating layer was deposited

over the bottom electrode by atomic-layer deposition from Al(CH3)3 and H2O precursor

gases in a home-built atomic-layer deposition setup at 250 °C. The lift-off process was re-

peated to pattern 2.5 µmwide, 80 nm thick gold top contacts perpendicular to the bottom

electrodes.

InsideaN2-filledglovebox, theMAPbI3 precursorwaspreparedbydissolving1.1mmolPbI2
andMAI in 1mL DMF and 0.1 mL DMSO. The precursor was filtered through a 0.2 µm PTFE
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filter and spin-coated on a die cut from the patterned wafer at 4000 rpm for 30 seconds.

After 5 seconds, 250 µL of chlorobenzene was added to the spinning sample. The sample

was annealed at 100 °C for 10 minutes. The sample was then encapsulated with Blufixx

epoxy and a glass coverslip, cured for 1minute with a UV torch.

5.4.3 4‐bit input measurements

The 4-bit input sequence measurements were performed with a Keysight B2902A Preci-

sionSource/MeasureUnit. One channel of the SMUwasused to apply voltage pulses to the

device andmeasure the output current. For the light inputs, a second channel was used to

drive a 520 nm high-power Cree XLamp XP-E LED. The irradiance was 2.8 mW/cm2, mea-

suredwithaThorlabsPM100Doptical powermeterwithanS120VCsensor. Measurements

of each input sequence were repeated 100 times. The I1, I2, I3, and I4 currents in themain

text were determined by taking themean and standard deviation over all measurements.

5.4.4 Drift‐diffusion simulations

Thedrift-diffusion simulationswere carried out using Setfos by Fluximwith the device pa-

rameters listed in Table 5.1. We simulated the current due to mobile ions after applying a

voltage pulse train of 1 to 4 voltage pulses of−1V.

Table 5.1: Simulation parameters used for the drift‐diffusion simulations. A schematic of the simulated device
stack is given in Figure 5.A.2c and d.

Parameter Value Reference
Al2O3 Thickness (nm) 15
Relative permittivity Al2O3 9
Electron affinity Al2O3 (eV) 2.5
Band gap Al2O3 (eV) 5
Thickness perovskite (nm) 50
Relative permittivity perovskite 24.1 [32]
Electron affinity perovskite (eV) 3.9 [33]
Band gap perovskite (eV) 1.6 [33]
Effective density of states perovskite conduction band (1/cm3) 8 × 1018

Effective density of states perovskite valence band (1/cm3) 8 × 1018

Mobile positive ion density (1/cm3) 3 × 1017

Immobile negative ion density (1/cm3) 3 × 1017

Mobility mobile ions (cm2/Vs) 1 × 10−10

Work function electrodes (eV) 5.1
Voltage pulse duration (s) 0.05
Time between voltage pulses (s) 0.1
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5.4.5 Transformations of the MNIST and N‐MNIST datasets

Lookup tableswereconstructed fromtheexperimentallymeasuredmeancurrentsofeach

4-bit input. Meanswere taken over 100measurements for each input. The 28-by-28-pixel

MNIST images were binarized with a threshold of 0.5. The binarized images were then di-

vided into square2-by-2-pixel patches, 4-pixel rows, or4-pixel columns. Thepixels of each

patch were converted to a 4-bit sequence, as shown in Figure 5.4a. The sequences were

then mapped by matching them to a 4-bit input sequence in the lookup table. The cor-

responding currents were added to a new array representing the transformed image. To

account for the experimental noise, a random number was taken from a normal distribu-

tionwith themeanand standarddeviationdetermined from the 100measurements of the

corresponding I4 current, instead ofmapping to the I4 currentmean. Themean and stan-

darddeviationof each sequence aredisplayed in Figure 5.2c (for voltage inputs) andFigure

5.3c (for light inputs). For the references, a Gaussian blur was applied with a variance de-

termined from the original MNIST dataset, see Figure 5.C.3a. This is the noise that would

be expected if the binarized MNIST images are projected on a conventional camera. Fig-

ure 5.C.3b shows that the blurring (kernel size= 5, σ = 0.522) approximates the observed

noise well.

The N-MNIST dataset was imported with Tonic (version 1.6.0). The original spiking, event-

based dataset was filtered, binned, and thresholded to reconstruct videos of the original

moving MNIST images. This modified dataset is more relevant for real-time video recog-

nitionusing the in-sensornetworks for simultaneousdetectionandprocessing. Adenoise

filter with a 10ms filter timewas applied to the dataset, and the samples were binned into

50 ms frames. Next, the pixel values in the first four 34-by-34-pixel frames of each sam-

plewerenormalized, and the frameswere binarizedwith a threshold of 0.2. This threshold

yielded themost recognizabledigits in the frames. Asimilarapproachwas followed tomap

the frames to the voltageand light-input data as for theMNISTmapping. However, instead

of squares, rows, or columns, each individual pixel wasmapped based on its four consecu-

tive values in the four frames. Aftermapping eachpixel, the four frameswere added to the

dataset separately. This extended the training and test datasets from 60,000 to 240,000

and from 10,000 to 40,000 samples, respectively. Noise was introduced as Gaussian blur-

ringwith the same parameters as for theMNIST dataset.

5.4.6 Network training

Readout layers were trained on the input vectors with PyTorch (version 2.6.0), using the

Adam optimizer. Hyperparameters (learning rate, weight decay, and β1 and β2 of the
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Adam optimizer) were tuned over 100 runs with Optuna (version 4.2.1), using the Tree-

structured Parzen Estimator algorithm. A large, fixed batch size of 256 was chosen for

faster training.[34] The MNIST dataset was randomly split into a training set containing

50,000 samples and a validation set of 10,000 samples during hyperparameter tuning.

Readout layerswith 1960 (14 × 14 × 10, square, or 7 × 28 × 10, row, and columnmapping),

3920 (7 × 28 × 10 × 2, combined row and column mapping, or 14 × 14 × 10 × 2,
multimodal square mapping), or 7840 (7 × 28 × 10 × 2 × 2, multimodal combined row

and columnmapping)weightswere trained on themapped images. TheN-MNIST dataset

was randomly split into a 200,000-sample train and a 40,000-sample validation set. The

readout layers, consisting of 11560 (34 × 34 × 10), or 23120 (34 × 34 × 10 × 2, multimodal

mapping) weights, were trained on the transformed frames.

After hyperparameter tuning, training was repeated on the full training dataset with

the optimal hyperparameters. Mean network accuracies and standard deviations were

recorded from a seed sweep over the same 10 seeds for all networks. All mean accuracies

and their standard deviations are rounded to the first decimal place. Standard deviations

that would be rounded to 0.0% (e.g. 0.03%) were rounded up to 0.1% instead to account for

experimental error. All standard deviations were ≤ 0.10%.

Paired t-tests were performed to check the significance of differences in accuracy. All

mean accuracies within each plot were significantly different (p < 0.001), with the excep-
tion of the accuracies of the multimodal, square mapping network and the reference in

Figure 5.4c (p = 0.681), and the reference networks with and without noise for the row

mapping in Figure 5.C.1d (p = 0.275), and the video dataset in Figure 5.5c (p = 0.546).
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Appendix

5.A Additional information

Figure 5.A.1: Fit to the combined data of the ten transient current measurements as in Figure 5.11d. The current
is measured after the final −1 V pulse, and fit with equation I (t) = I0e−t/τ + kt−1/2. Fitting parameters
are given in Table 5.A.1.

Table 5.A.1: Fitting parameters for the fit in Figure 5.A.1. Errors represent the fitting error.

Fitting parameter Value
I0 0.22 ± 0.02 nA
τ 0.53 ± 0.04 s
k 0.110 ± 0.005 nA

√
s
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c d

a b

Figure 5.A.2: Comparison of measured transient currents with drift‐diffusion simulations. (a)Measured currents
after applying a series of −1 V pulses. The final pulse is removed at t = 0 sec. (b) Drift‐diffusion simulations
of the measurements. (c) Ion densities after applying a single −1 V pulse. Ions are initially accumulated at the
cathode and redistribute throughout the perovskite layer within seconds. (d) The same simulation as in (c), but
after applying four −1 V pulses. The same effect is observed, but with a larger magnitude.

Figure 5.A.3: Mean currents after each of the four pulses of the 4‐bit voltage inputs. Means taken over 100
measurements, with error bars representing one standard deviation. Gray dotted lines are added for each input
to guide the eye. Inputs with similar mean final currents are more easily separable by considering intermediate
currents.
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Figure 5.A.4: Mean currents with error on the mean of the 4‐bit voltage inputs. The low errors on the means
indicate that the obtained means are well‐defined.



55555555555

150 | 5. MICROSCALE OPTOELECTRONIC RESERVOIR NETWORKS FOR IN‐SENSOR COMPUTING

b

c

a

Figure 5.A.5: Overlap matrices of the four‐bit voltage input mappings to (a) the current after the fourth bit, (b)
the current after the second and the fourth bit, and (c) the currents after all four bits. Overlap coefficients below
0.01 are not plotted for clarity. Significant overlap coefficients are found for similar inputs when mapping to
fewer currents.
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ba

Figure 5.A.6: Fits to the combined data of ten 0000 (a) and 0001 (b) light input sequence transient current
measurements. The current is measured after the final −1 V pulse and fit with equation I (t) = I0e−t/τ +
kt−1/2. Fitting parameters are given in Table 5.A.2.

Table 5.A.2: Fitting parameters of the current decays in Figure 5.A.6a and b. Errors represent the fitting error.

Input I0 (nA) τ (s) k (nA
√
s)

0000 1.64 ± 0.14 0.023 ± 0.002 0.052 ± 0.003
0001 0.12 ± 0.01 0.737 ± 0.066 0.100 ± 0.002
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Figure 5.A.7: Mean I4 current for each of the 4‐bit inputs if no 100 mV offset bias is applied between the −1
V pulses. More overlap between I4 currents is found compared to the measurement with the offset in Figure
5.3c of the main text.

Figure 5.A.8: Mean currents after each of the four pulses of the 4‐bit light inputs. Means taken over 100 mea‐
surements, with error bars representing one standard deviation. Gray dotted lines are added for each input to
guide the eye. Inputs with similar mean final currents are more easily separable by considering intermediate
currents.
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Figure 5.A.9: Mean currents with error of the mean of the 4‐bit light inputs. The low errors of the means indicate
that the obtained means are well‐defined.
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b

c

a

Figure 5.A.10: Overlap matrices of the four‐bit light input mappings to (a) the current after the fourth bit, (b) the
current after the second and the fourth bit, and (c) the currents after all four bits. Overlap coefficients below
0.01 are not plotted for clarity. Significant overlap coefficients are found for similar inputs when mapping to
fewer currents.
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5.B Impact of the I4 currents on classification accuracy

This Section investigates the impact of the obtained currents for 4-bit sequences on the

MNIST classification accuracy. We simulate I4 currents and show the effect of different

trends on the MNIST image transformations to explain differences in classification accu-

racy. The I4 currents obtained for the light (Figure 5.2c) and voltage inputs (Figure 5.3c)

are compared to the generated I4 currents to explain the differences in performance of

the networks in themain text. Finally, we discuss howplotting the I4 currents for different

4-bit input sequences allows facile estimation of the in-sensor reservoir network perfor-

mance. These results can be used to find optimal experimental parameters.

In reservoir computing, the reservoirperformsanonlinear transformationof the input,[6]

increasing the separability of otherwise convoluted features.[5] In our implementation,

the reservoir consists of devices that transform 4-bit voltage and light input sequences

into a current. In this context, input sequences are separable if distinct current values are

obtained for each sequence. This requires the device to have a volatile memory. Because

of its memory, the device outputs a higher I4 current for a 0011 sequence than it does for

a 0001 input. The volatility, on the other hand, causes the output current to depend on the

order in which light or voltage pulses are applied in the sequence. It extends the device

response beyond an additive, linear response in which inputs with the same number of

pulses, such as the 1001 and 0011 sequences, yield the same I4 current. Due to current

decay in our experiments, lower I4 currents are output if a pulse is applied earlier in the

sequence. Consequently, a lower I4 current is obtained for the 1001 sequence than for the

0011 input. The volatility is thus crucial for separating inputs.

Ideally, the I4 currents should be as distinct as possible after the transformation. The

overlap between I4 currents is minimized if they follow a linear trend in plots as in Figure

5.2c and 5.3c in the main text. Simulated I4 currents following a linear trend are given as

the gray dotted line in Figure 5.B.1a. The normalized current is calculated as I4 (s) = s
Σs−1 ,

where I4 is the current of the sth sequence on the x-axis andΣs is the number of possible

sequences (16 sequences for a 4-bit input). The first sequence (0000) is assigned s = 0.
The 4-bit voltage and light sequences in the main text produced I4 currents that deviate

from this linear trend. The voltage inputs (Figure 5.2c) yielded lower I4 currents for the

first half of the sequences. The light inputs (Figure 5.3c), on the other hand, produced I4
currents above the linear trend over the whole range of sequences. We simulate these

responses with polynomial functions.

I4 currents falling below the linear trend are calculated as I4 (s) =
(

s
Σs−1

)n

, shown in

blue in Figure 5.B.1a. In the plot, n is 1.5, 2.0, 3.0, or 4.0, where higher values result in a
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d

b

c

a

Figure 5.B.1: Transformations of the MNIST dataset based on simulated I4 current following linear and poly‐
nomial trends. (a) Input sequences with normalized I4 currents that increase linearly (squares and dotted
gray line), or according to polynomial functions I4 (s) = 1 −

(
1 − s

Σs−1

)n
(red circles and lines) and

I4 (s) =
(

s
Σs−1

)n
(blue circles and lines), with n ∈ 1.5, 2, 3, 4. (b) Normalized I4 currents of the light

(green triangles) and voltage (blue squares) inputs compared to the artificial I4 currents. The light input I4 cur‐
rents follow a similar trend to the polynomial I4 (s) = 1 −

(
1 − s

Σs−1

)2
. The I4 currents of the voltage

inputs up to the 1110 sequence resemble those of the function I4 (s) =
(

s
Σs−1

)1.5
and become more lin‐

ear afterwards. (c) The same MNIST image as in Figure 5.4a mapped to the I4 currents calculated based on the
I4 (s) =

(
s

Σs−1

)4
, I4 (s) = s

Σs−1 , I4 (s) = 1−
(
1 − s

Σs−1

)4
functions. Mapping to the I4 (s) = s

Σs−1
currents results in a number six with a range of grayscale values. Mapping to currents generated by the polyno‐
mial functions yields more extreme grayscale values, with more dark pixels for I4 (s) =

(
s

Σs−1

)4
and more

bright pixels for I4 (s) = 1 −
(
1 − s

Σs−1

)4
. (d) Classification accuracies of the datasets mapped to the linear

and polynomial functions. The highest accuracy of 91.7% is obtained for the linear relation. Minor accuracy
penalties are obtained for the concave I4 (s) = 1 −

(
1 − s

Σs−1

)n
functions, while they are more severe for

the convex I4 (s) =
(

s
Σs−1

)n
functions.
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stronger convex, parabolic shape. These trends compress I4 currents of earlier sequences

on the x-axis (the 0000 end) and stretch out later ones (on the 1111 end). In experimental

measurements of the I4 current, this is due to high volatility, causing a 0000 and 1000

input, for example, to give a similar output. Currents above the linear trend were calcu-

lated as I4 (s) = 1 −
(

1 − s
Σs−1

)n

(red curves in Figure 5.B.1a), using the same range of

n-values. These currents follow a concave parabolic curve, with a stronger curvature for

higher values ofn. In this case, currents for later sequences on the x-axis are compressed

and those of earlier inputs are stretched. In experimental measurements, this response

is caused by long retention times, resulting in a saturation of the I4 current (e.g. a similar

I4 current for 0111 and 1111 sequences).

These polynomial functions were chosen because they stretch and compress the linear

response to the same extent, but at opposite ends of the x-axis. The equal magnitude of

stretching and compression allows a fair comparison of the two trends.

Figure 5.B.1b illustrates that the measured I4 currents of the first half of the voltage and

all light-inputs are described best by I4 (s) =
(

s
Σs−1

)1.5
and I4 (s) = 1 −

(
1 − s

Σs−1

)2
,

respectively.

The effects of the deviations from the linearly increasing I4 currents are visualized in

Figure 5.B.1c. The linearly increasing I4 currents result in a transformation of the MNIST

image to an image with a range of grayscale values. Transformations based on convex(
I4 (s) =

(
s

Σs−1

)4
)
or concave

(
I4 (s) = 1 −

(
1 − s

Σs−1

)4
)
I4 currents result inmore

extreme grayscale values. Convex I4 currents force intermediate values in the image

transformed based on linear I4 currents closer to 0, resulting in a lossy transformation of

the image. The lower right part of the loop of the number six, for example, is no longer vis-

ible in the image. Conversely, the image transformed based on concave I4 currents force

otherwise intermediate values closer to 1. This results in saturation in the transformed

image, for example in the upper right part of the loop of the number six. At the same

time, features that were more difficult to notice, around the curved line of the number

for example, are more distinguishable for this transformed image. Both the lossy and

saturated transformations are expected to decrease later classification accuracies, as

different features becomemore difficult to distinguish.

Figure 5.B.1d shows the classification accuracies obtained by linear readout layers trained

on the transformed datasets. The linearly increasing I4 currents give the highest accuracy

(90.6 ± 0.1%). The mean accuracies for concave I4 current transformations decreased

only slightly. For n = 1.5, no statistically significant difference was found compared to

the linear I4 transformation (p = 0.252). For higher values of n, the differences were

statistically significant (p < 0.001), but modest, with an accuracy of 91.2 ± 0.1% for n = 4.
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Interestingly, the accuracy penalty was markedly more severe for the convex I4 currents

(p < 0.001 for all differences). The same mean accuracy of 91.2 ± 0.1% for the n = 4
concave I4 currentswas reached forn = 1.5 already. The accuracy then decreased further
for larger values of n, down to 88.4 ± 0.1% for n = 4. The accuracies for the convex n = 2
(91.6 ± 0.1%) and concave n = 1.5 (91.2 ± 0.01%) I4 transformations are well-matched to

those obtained for the voltage (91.1 ± 0.1%) and light (91.6 ± 0.1%) inputs in Figure 5.4c . This

indicates that the polynomial functions are good approximations for the experimentally

measured I4 currents.

These results suggest that, forMNISTclassification, the transformation should ideally give

equal separability for all inputs (linear trend), or slightly emphasize the earlier sequences

in Figure 5.B.1 where fewer pulses are applied (mildly concave trends). These inputs

correspond to patches with few white pixels, which typically constitute the edges of the

digits. Our results therefore suggest that these edges should remain distinguishable from

the background for optimal classification. Saturation of inputs with more applied pulses,

due to transformations with concave I4 currents, impact the classification accuracy

less severely. Contrast between patches with many white pixels therefore seems less

important for classification.

Our findings explain the better performance of the light-input networks in Figure 5.4c

and 5.5c. Moreover, the simulations are generalizable for MNIST classification with any

4-bit input in-sensor reservoir network. This is particularly valuable when optimizing

experimental parameters. I4 currents, or equivalent outputs, can be measured for the

different sequences and plotted as in Figure 5.B.1a. Figure 5.B.1a and c can then function

as a simple lookup table to estimate classification accuracy. This removes the need for

time-consuming hyperparameter tuning and training of readout layers. Timesteps of

the input can be increased (for a more convex I4 trend) or decreased (for a more concave

I4 trend) to optimize the accuracy of the network. Our results show that, at least for

MNIST classification based on 4-bit inputs, experimental parameters should be adjusted

to obtain linear or slightly concave I4 current trends for best results. We note that the

timesteps could not be decreased further for our voltage inputs to obtain more concave

trends due to limitations of our experimental setup.
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5.C Additional transformations

a

c

d

b
Input u

Mapped x, Row 

Mapped x, Column

Row

Column

Light, no noise

Light, 
no noise

Voltage, no noise

Voltage, 
no noise

Light, with noise Voltage, with noise

Voltage, 
with noise

Light, 
with noise

Figure 5.C.1: Row and column mapping for MNIST transformation and classification. (a) The same sample num‐
ber six as in Figure 5.4a divided into four‐pixel rows or columns. Rows or columns are mapped to the I4 currents
corresponding to their 4‐bit sequences. (b) The number six transformed by row‐mapping. The image retains the
same number of pixels vertically (28), but becomes fourfold smaller horizontally (to 7 pixels wide) by the trans‐
formation. The pixel outlined in red corresponds to the row outlined in (a). (c) The number six transformed by
column‐mapping. The image retains the same number of pixels horizontally (28), but becomes fourfold smaller
vertically (to 7 pixels high) by the transformation. The pixel outlined in red corresponds to the column outlined
in (a). (d)Mean classification accuracies of the voltage, light, and multimodal networks for datasets transformed
by row and column mapping. The accuracies are compared to references, for which each row or column was
mapped to the binary value of pixel 4. For the voltage, light, and multimodal networks, noise was included by
taking random samples from a normal distribution of the I4 currents for each sequence. For the reference net‐
work, a Gaussian blur with a kernel based on the original MNIST dataset (see Methods for details) was applied to
obtain a noisy dataset. The accuracies are compared to a linear classifier trained on the binarizedMNIST dataset
without any transformations. Each test accuracy was determined from 10 independent runs with different ran‐
dom seeds. Error bars indicate one standard deviation.
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Figure 5.C.2: (a)Mapping of each pixel of the N‐MNIST frames to values drawn from a normal distribution with
a mean and standard deviation of the corresponding 4‐bit light input data. (b) Mapping to the mean currents
obtained for the voltage input measurements. (c) Mapping to random values drawn from a normal distribution
with means and standard deviations obtained for the corresponding 4‐bit voltage inputs.
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b

a

Figure 5.C.3: Fitting of a Gaussian blurring kernel to the binarized MNIST data. (a) Mean squared error (MSE)
obtained by comparing Gaussian blurred binarized MNIST images to the original MNIST dataset as a function of
the variance (σ). The variance of the Gaussian blurring kernel with a kernel size of 5 pixels was varied between
0 and 1 to find the lowest MSE value (σ = 0.522). (b) Comparison of an original MNIST image (left) to the
binarized image (middle) and the image obtained by applying theGaussian blurring filterwith the optimal variance
to the binarized image (right).
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Summary

The capabilities of neural networks have progressed remarkably over recent years, with

breakthroughs in areas such as natural language processing, image recognition, and

protein folding prediction. However, these advances have come at the cost of rapidly

increasing computational demands and, therefore, energy consumption. A major con-

tributor to the energy consumption is the inefficient data movement between separate

memory and processing units in classical computers. Compared to contemporary artifi-

cial neural networks, biological neural networks, such as the brain, are bothhighly capable

andenergy-efficient. Brain-inspired, “neuromorphic”networksaimtomimic thesehighly

efficient biological neural networks in hardware, using electronic devices resembling

synapses and neurons. Neuromorphic networks, such as spiking neural networks (SNNs)

or reservoirs for reservoir computing (RC), combine memory and processing within the

samenetwork. They thereby reduce both energy consumption and latency caused by data

movement between separate memory and processing units, as in classical computers.

These networks can be integrated efficiently in high densities withmemristive devices, i.e.

devices with a resistance that can be varied by applying a bias voltage.

Halide perovskites have recently emerged as an attractive semiconductor material class

for memristive devices. The soft, partially ionic bonds in these materials support the

movement of ionic defects (“mobile ions”) through the crystal lattice with low activation

energies. Mobile ions can cause resistance changes through interfacial effects, such as

passivation of the halide perovskite-electrode interface or doping of organic layers, as

well as by the reversible formation of conductive filaments through the bulk. Owing to the

low activation energy of ion migration, halide perovskite artificial synapses can be highly

energy-efficient, approaching biological synapses. Properties like the retention time,

switching speed, and the number of accessible resistances of halide perovskite artificial

synapses are highly tunable by choosing the electrode material, perovskite composition,

and by addition of organic layers. Halide perovskites are also excellent light absorbers,

allowing implementations that process both electronic and optical inputs.
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Nevertheless, halide perovskites face important limitations that prevent their implemen-

tation in neuromorphic networks. The ionic nature of the halide perovskite bonds makes

thesematerials highly soluble in polar solvents. This property prevents theirmicrofabrica-

tion with conventional procedures, hindering high-density integration in neuromorphic

networks. In addition, halide perovskite artificial neurons, a crucial component in SNNs,

have remained almost entirely unexplored. Both issues should be addressed to allow the

implementation of halide perovskites in efficient neuromorphic networks.

In this thesis, we establish a novel method for the microfabrication of halide perovskite

memristive devices. We show how both microscale artificial synapses and neurons

can be fabricated with this procedure. Together, these devices could be implemented

into all-halide perovskite neuromorphic networks in high densities. Next, we explore

microscale optoelectronic synapse implementations that can process both electronic

and optical inputs. We simulate a neuromorphic application of these devices in a camera

that can learn by an attention mechanism. Next, we simulate multimodal reservoir

networks that process both electronic and optical inputs for efficient handwritten digit

classification from images and video. Altogether, this work demonstrates a method for

the high-density integration of halide perovskite memristive devices into neuromorphic

networks. We explore how these networks could leverage halide perovskite devices for

efficient neuromorphic computing.

Neuromorphic computing and halide perovskite memristive devices are introduced in

Chapter 1. We discuss neuromorphic spiking neural networks and reservoir computing

networks, and compare them to conventional artificial neural networks implemented

on classical computers. We explain how these networks can be implemented efficiently

with memristive devices. Next, we introduce halide perovskites. We describe how ionic

defectsmigrate through their crystal lattice and how thismigration results inmemristive

properties of halide perovskite devices. We provide a brief review of halide perovskite

artificial synapses, focusing on important device parameters such as the dynamic range

of the resistance, switching speed, and retention time. We emphasize the facile tunability

of halide perovskite synapses, and discuss how the device response can be tailored by

adjusting its composition. Finally, we highlight the limitations of halide perovskite mem-

ristive devices for neuromorphic computing. Wehighlight the absence of demonstrations

of artificial neurons, the lack of a scalable microfabrication procedure, and the limited

exploration of halide perovskite neuromorphic network implementations.

We demonstrate a scalable microfabrication procedure in in Chapter 2. We fabricate a

scalable back-contacted artificial synapse, consisting of two gold electrodes separated by

an SiO2 insulating spacer. The halide perovskite layer is spin-coated over the electrodes
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in the final step, avoiding its exposure to solvents during the lithography process. We

fabricate deviceswith a footprint of approximately 6µm2. The synapsedisplays resistance

changes of up to five orders of magnitude. Multiple resistance states can be programmed

byapplyingsuccessivevoltagepulses. Theenergyconsumptionof changing the resistance

of the device is as low as 640 fJ, owing to the low operating current as a result of the small

device size. Compared to artificial synapses of other materials, the synapse presented

in this chapter has a large dynamic range and comparatively low energy consumption.

The retention time on the order of tens of seconds and the switching speed of tens of

milliseconds are similar to those of biological synapses, and complement faster artificial

synapses based on othermaterials.

In Chapter 3, we fabricate volatile microscale memristive devices using the newly de-

veloped microfabrication procedure, substituting one of the gold electrodes for a silver

electrode. Applying a bias voltage to the device causes rapid resistance changes over or-

ders ofmagnitude, with a retention time below 500ms. We demonstrate the first on-chip

integrated halide perovskite artificial neuron by connecting the memristive device in

series with a capacitor. Successive voltage pulses applied to the neuron cause a drastic

lowering of the resistance of the memristive device. This resistance switch produces an

output voltage spike and rapidly charges the capacitor. After the bias voltage is removed,

the memristive device returns to its high-resistance state due to its volatility and the

current coming from the discharging capacitor. We demonstrate that the spiking of the

neuron is stochastic, following a Poisson behavior. We simulate populations of neurons

based on the experimental results. The simulations indicate that the stochasticity allows

neuronpopulations to detect input signals thatwould remain subthreshold, and therefore

undetected, for deterministic neuron populations. The energy consumption per spike

is between 20 to 60 pJ in the current implementation, already lower than the 100 pJ of

biological neurons. Togetherwith the synapses presented inChapter 2, the neurons could
be implemented in energy-efficient all-halide perovskite neuromorphic networks.

Optoelectronic halide perovskite synapses are explored in Chapter 4. The synapses are
fabricated on the microscale in the back-contacted architecture, but with an insulating

Al2O3 layer separating the two gold electrodes. The Al2O3 layer covers the entire bottom

electrode, preventing the resistance changes measured in Chapter 2. Instead, voltage

pulses applied to the device cause the accumulation of mobile ions at the perovskite-

electrode interface. This induces a transient electric field in the device after the bias

voltage is removed. Subsequently illuminating the device results in an output photocur-

rent with a magnitude and sign that depend on this transient electric field. Illuminating

the device while the bias voltage is applied results in stronger modulation of the pho-



168 | SUMMARY

tocurrent. We demonstrate a biology-inspired optoelectronic spike-timing-dependent

plasticity (STDP) learning rule based on this interplay of the bias light and voltage. Based

on the experimental results, we then simulate a neuromorphic camera consisting of an

array of optoelectronic synapses. A simple feedback spike allows selective synapticweight

updates by the STDP learning rule. The camera learns to track features of interest through

the weight updates, analogous to an attention mechanism. Neuromorphic networks

could leverage the attention mechanism for more efficient object detection from visual

data.

Chapter5 investigates theuse of volatile halide perovskite devices in reservoir computing-

based multimodal networks. The same microscale optoelectronic devices are used as in

Chapter 4. Voltage pulses applied to the device induce a volatile ionic current that decays
over hundreds of milliseconds. We show that illuminating the device while the voltage is

applied results in an increased ionic current. Next, we define four-bit voltage and light

input sequences, where each bit corresponds to a timestep during which an input pulse

is (“1”) or is not (“0”) provided. The 4-bit input sequences give separable output ionic cur-

rents, with some overlap when considering experimental noise. Reservoir networks are

simulated based on the experimental results. The networks consist of simulated arrays

of the volatile devices, comprising the reservoir. The arrays transform theMNIST dataset,

which is then classified with a linear readout layer. Multimodal networks that combine

light and voltage inputs reach high classification accuracies up to 95.3 ± 0.1%. Considering

the experimentallymeasured noise introduces aminor accuracy penalty between 0.3 and

1.2 percentage points. We demonstrate, using simulated ionic currents, that relatively

long retention times with respect to the input frequency enhance classification accuracy.

These simulations can serve as a simple lookup table for estimating MNIST classification

accuracies from 4-bit sequence outputs, aiding in the fine-tuning of the input frequency

during experimental measurements. Next, we extend handwritten digit classification to

video data based on the N-MNIST dataset. The networks achieve high classification accu-

racies of up to 89.0 ± 0.1% for the multimodal network. This constitutes an improvement

of 15.8 percentage points compared to a reference network without volatile memory. The

networksdescribed in this chapter couldbe fabricated fully inhardware forneuromorphic

devices that efficiently combine sensing and processing.
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Samenvatting

De vaardigheden van neurale netwerken hebben de afgelopen jaren een enorme on-

twikkeling doorgemaakt, met doorbraken op gebieden als natuurlijke taalverwerking,

beeldherkenning, en het voorspellen van eiwitvouwing. Voor deze vooruitgang is echter

een sterke toename van de rekenkracht en daardoor het energieverbruik nodig ge-

weest. De inefficiënte gegevensoverdracht tussen het afzonderlijke geheugen en de

verwerkingseenheden in klassieke computers vormt een belangrijke bijdrage aan het

energieverbruik. Vergelekenmet hedendaagse kunstmatige neurale netwerken zijn biol-

ogischeneurale netwerken, zoals de hersenen, zowel zeer capabel als energiezuinig. Door

de hersenen geïnspireerde ”neuromorfische” netwerken proberen deze zeer efficiënte

biologische neurale netwerken in hardware na te bootsen, met behulp van elektronische

componenten die lijken op synapsen en neuronen. Neuromorfische netwerken, zoals

gepulste neurale netwerkenof reservoirnetwerken, combineren geheugenen verwerking

in hetzelfde netwerk. Ze verminderen daardoor zowel het energieverbruik als de latentie

die wordt veroorzaakt door dataverplaatsing tussen het afzonderlijke geheugen en de

verwerkingseenheden in klassieke computers. Deze netwerken kunnen efficiënt in hoge

dichtheden worden geïntegreerd met memristieve componenten, oftewel componenten

met eenweerstand die kanworden aangepast door een spanning aan te brengen.

Halideperovskieten zijn recentelijk aangedragen als een aantrekkelijke klasse halfgelei-

dermaterialen voor memristieve componenten. De zachte, gedeeltelijk ionische bindin-

gen in deze materialen maken het mogelijk voor ionische defecten (“mobiele ionen”)

om door het kristalrooster te bewegen met lage activeringsenergieën. Mobiele ionen

kunnen weerstandsveranderingen veroorzaken door grensvlakeffecten, zoals pas-

sivering van het halideperovskiet-elektrode grensvlak, of het doteren van organische

lagen. Weerstandsveranderingen kunnen ook veroorzaakt worden door de omkeerbare

vorming van geleidende filamenten door de halideperovskiet laag. Dankzij de lage ac-

tiveringsenergie van ionenmigratie kunnen kunstmatige halideperovskietsynapsen zeer

energie-efficiënt zijn, vergelijkbaar met biologische synapsen. Eigenschappen als de re-
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tentietijd, schakelsnelheid en het aantal te onderscheiden weerstanden van kunstmatige

halideperovskietsynapsen zijn gemakkelijk af te stemmen door het elektrodemateriaal

en de perovskietsamenstelling aan te passen en door organische lagen toe te voegen.

Halideperovskieten zijn ook uitstekende lichtabsorbeerders, waardoor implementaties

mogelijk zijn die zowel elektronische als optische signalen verwerken.

Ondanks deze voordelen kampen halideperovskieten met beperkingen die hun imple-

mentatie in neuromorfische netwerken verhinderen. Zo maakt de ionische aard van de

halideperovskietbindingendezematerialengemakkelijk oplosbaar inpolaire oplosmidde-

len. Hierdoor zijn zemoeilijk te verwerkenmet conventionele microfabricagemethoden,

wat hun integratie in neuromorfische netwerken in hoge dichtheden belemmert. Boven-

dien is er een vrijwel compleet gebrek aan kunstmatige halideperovskietneuronen, een

cruciaal onderdeel van gepulste neurale netwerken. Beide beperkingen moeten worden

aangepakt om de implementatie van halideperovskieten in efficiënte neuromorfische

netwerkenmogelijk temaken.

In dit proefschrift ontwikkelen we een nieuwe methode voor de microfabricage van

halideperovskiet memristieve componenten. We laten zien hoe zowel kunstmatige

synapsen als neuronen op de microschaal gefabriceerd kunnen worden met deze proce-

dure. Samen kunnen deze componenten in hoge dichtheden geïmplementeerd worden

in volledig halideperovskiet neuromorfische netwerken. Vervolgens onderzoeken we

micrometerschaal opto-elektronische synapsen die zowel elektronische als optische

signalen kunnen verwerken. We simuleren een neuromorfische toepassing van deze

componenten in een camera die kan leren via een aandachtsmechanisme. Vervolgens

simuleren we multimodale reservoirnetwerken die zowel elektronische als optische

gegevens verwerken. Deze netwerken kunnen op efficiënte wijze handgeschreven cijfers

classificeren van afbeeldingen en video’s. Alles tezamen toont dit werk aan hoe halide-

perovskiet memristieve componenten in hoge dichtheden kunnen worden geïntegreerd

in neuromorfische netwerken. We onderzoeken hoe deze netwerken de veelzijdige

eigenschappen van de halideperovskiet componenten kunnen gebruiken voor efficiënte

neuromorfische toepassingen.

Neuromorfischenetwerken enhalideperovskietmemristieve componentenworden geïn-

troduceerd in Hoofdstuk 1. We bespreken neuromorfische gepulste neurale netwerken

en reservoirnetwerken en vergelijken deze met conventionele kunstmatige neurale

netwerken toegepast op klassieke computers. We leggen uit hoe deze netwerken op

efficiënte wijze geïmplementeerd kunnen worden met memristieve componenten.

Vervolgens introduceren we halideperovskieten. We beschrijven hoe ionische defecten

migreren door hun kristalrooster en hoe dit resulteert in memristieve eigenschappen.
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We geven een kort overzicht van kunstmatige halideperovskietsynapsen, toegespitst op

belangrijke parameters als het dynamische bereik van de weerstand, schakelsnelheid, en

retentietijd. We benadrukken hoe de respons van halideperovskite synapsen gemakkelijk

aangepast kan worden aan de hand van hun samenstelling. Tot slot bespreken we de

huidige limitaties van halideperovskiet memristieve componenten voor neuromorfische

doeleinden. We wijzen op het ontbreken van kunstmatige neuronen, het gebrek aan een

schaalbare microfabricage procedure, en het beperkte onderzoek naar implementaties

van halideperovskiet neuromorfische netwerken.

We demonstreren een schaalbare microfabricage procedure in Hoofdstuk 2. We fab-

riceren een schaalbare kunstmatige achtercontactsynaps die bestaat uit twee gouden

elektrodesdiewordengescheidendoor een isolerendeSiO2 laag. Dehalideperovskiet laag

wordt pas in de laatste stap over de elektrodes gespincoat, waardoor contact met oplos-

middelen tijdens het lithografieproces wordt voorkomen. We vervaardigen synapsen

met een oppervlakte van ongeveer 6 µm2. De weerstand van de synaps kan gevarieerd

worden over vijf ordegroottes. Meerdere weerstandstoestanden kunnen worden gepro-

grammeerd door opeenvolgende spanningspulsen aan te brengen. De laagst behaalde

energieconsumptie van een weerstandsverandering is slechts 640 fJ, dankzij de lage

bedrijfsstroom ten gevolge van de kleine afmetingen. Vergeleken met kunstmatige

synapsen van andere materialen heeft de synaps die in dit hoofdstuk wordt beschreven

een groot dynamisch bereik en een relatief lage energieconsumptie. De retentietijd van

tientallen seconden en schakelsnelheid van tientallen milliseconden zijn vergelijkbaar

met die van biologische synapsen en complementeren snellere kunstmatige synapsen

die gebaseerd zijn op anderematerialen.

InHoofdstuk 3 vervaardigen we vluchtige memristieve componenten op de microschaal

met de nieuwontwikkeldemethode van het vorige hoofdstuk, door een gouden elektrode

om te wisselen voor een zilveren elektrode. Het aanbrengen van een spanning zorgt

voor abrupte weerstandsveranderingen vanmeerdere ordegroottes, met een retentietijd

onder de 500 ms. We demonstreren het eerste op een chip geïntegreerde kunstmatige

halideperovskietneuron door de memristieve component in serie te schakelen met een

condensator. Opeenvolgende spanningspulsen die worden aangebracht op het neuron

veroorzaken een drastische verlaging van de weerstand van de memristieve component.

Deze weerstandsverandering brengt een uitgaande spanningspuls voort en zorgt voor

een snelle oplading vande condensator. Nahet verwijderen vande spanning valt demem-

ristieve component terug in de hoge weerstandstoestand dankzij het vluchtige geheugen

en de stroom van de ontladende condensator. We tonen aan dat de neuronpulsen

stochastisch zijn, volgens een Poisson proces. We simuleren populaties van neuronen
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gebaseerd op de experimentele resultaten. De simulaties tonen aan dat de stochasticiteit

het mogelijk maakt voor neuronpopulaties om signalen te detecteren die onder een

drempelwaarde liggen, en daardoor onopgemerkt zouden blijven voor deterministische

neuronpopulaties. In de huidige implementatie ligt de energieconsumptie per neuron-

puls tussen de 20 en 60 pJ, lager dan de 100 pJ van biologische neuronen. Samenmet de

synapsen omschreven in Hoofdstuk 2 zouden de neuronen geïmplementeerd kunnen

worden in energie-efficiënte neuromorfische netwerken die volledig uit halideperovskiet

bestaan.

We onderzoeken opto-elektronische halideperovskiet synapsen in Hoofdstuk 4. De

synapsen worden vervaardigd op de micrometerschaal met de achtercontactarchitec-

tuur,maarmet een isolerendeAl2O3 laagdie de tweegoudenelektrodes scheidt. DeAl2O3

laag bedekt de onderste elektrode volledig en voorkomt daarmee de weerstandsveran-

deringen die we maten in Hoofdstuk 2. In plaats daarvan veroorzaken aangebrachte

spanningspulsen accumulatie vanmobiele ionen aan het perovskiet-elektrode grensvlak.

Dit wekt een vergankelijk elektrisch veld op in de perovskietlaag. Als de synaps vervol-

gens belicht wordt, resulteert dit in een fotostroom waarvan de sterkte en polariteit die

afhangt van dit vergankelijke elektrisch veld. Belichting van de synaps terwijl de span-

ning wordt aangebracht versterkt de modulatie van de fotostroom. We demonstreren

een opto-elektronische leerregel, afgeleid van biologische synaptische plasticiteit, die

gebruik maakt van deze wisselwerking tussen het licht en de spanning. Aan de hand van

de experimentele resultaten simuleren we een neuromorfische camera die bestaat uit

een reeks van de opto-elektronische synapsen. Aan de hand van de leerregel kan een

simpele terugkoppelingspuls selectief de synaptische gewichten aanpassen. Op deze

manier leert de camera zich te richten op belangrijke kenmerken, vergelijkbaar met een

aandachtsmechanisme. Neuromorfische netwerken zouden gebruik kunnenmaken van

ditmechanisme voor efficiëntere beeldherkenning.

Hoofdstuk 5 onderzoekt het gebruik van vluchtige halideperovskiet componenten

in multimodale reservoirnetwerken. Hiervoor worden dezelfde opto-elektronische

componenten als in Hoofdstuk 4 gebruikt. Spanningspulsen die worden aangebracht

veroorzaken een vluchtige ionische stroom die afneemt over een tijdspanne van honder-

den milliseconden. We laten zien dat belichting tijdens het aanbrengen van de spanning

zorgt voor een hogere ionische stroom. Vervolgens definiëren we vier-bits spannings en

licht reeksen, waarbij elke bit correspondeert met een tijdstap waarin een puls wel (“1”)

of niet (“0”) wordt aangebracht. De vier-bits reeksen leiden tot verschillende ionische

stromen,met enige overlap als de experimentele ruismeewordt genomen. We simuleren

reservoirnetwerken aan de hand van de experimentele resultaten. De netwerken bestaan
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uit gesimuleerde reeksen van de vluchtige componenten, die het reservoir vormen. De

reeksen transformeren de MNIST-dataset, waarna deze geclassificeerd wordt met een

lineaire uitleeslaag. Multimodale netwerken die licht en spanningssignalen combineren

behalen hoge classificatie nauwkeurigheden tot 95,3 ± 0.1%. Als de experimentele ruis

mee wordt genomen neemt de nauwkeurigheid af met slechts 0,3 tot 1,2 procentpun-

ten. Aan de hand van gesimuleerde ionische stromen laten we zien dat relatief lange

retentietijden ten opzichte van de invoerfrequentie de classificatienauwkeurigheid ten

goede komen. Deze simulaties kunnen dienstdoen als simpele referentie om de MNIST-

classificatienauwkeurigheid in te schatten aan de hand van de vier-bits reeks metingen.

Ze vormen hiermee een hulpmiddel om de invoerfrequentie te optimaliseren tijdens ex-

perimentelemetingen. Vervolgens breidenwede classificatie vanhandgeschreven cijfers

uit naar video’s op basis van de N-MNIST-dataset. De netwerken bereiken hoge classifi-

catienauwkeurigheden tot 89,0 ± 0,1% voor demultimodale netwerken. Dit komt overeen

met een verbetering van 15,8 procentpunten ten opzichte van een referentienetwerk zon-

der vluchtig geheugen. De netwerken die worden omschreven in dit hoofdstuk zouden

volledig in hardware vervaardigd kunnen worden voor neuromorfische toepassingen die

detectie en verwerking op efficiënte wijze combineren.
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