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Abstract:

This paper presents an analytical model of resistive switching in
organic—inorganic CH3NH;3Pbls perovskite. The resistive switching phenomenon is
interpreted as due to the formation/rupture of iodine vacancy based conductive filament
propagating in both the vertical and the lateral direction. Set and reset processes are
explained in the model by the evolution of the CF length and radius driven by electrical
and thermal forces. The model-based simulation results can describe the experimental
results, providing an estimate of several switching parameters such as the activation
energy of iodine vacancy migration and the CF diameter. Learning in a 2-transistor/1-
resistor synapse structure is demonstrated by simulations. Finally, the neuromorphic
recognition of multiple patterns is demonstrated through a 2-layer neural network

consisting of 5625 pre-synaptic neurons and 4 post-synaptic neurons.



I. Introduction

Resistive switching (RS) devices are attracting a broad interest for their potential
applications in nonvolatile memories and neuromorphic computing circuits due to
several advantages, such as low power consumption, high switching speed, high density
and the capability to emulate the behavior of biological synapses [1]. So far, various
materials have been reported to present RS processes, including metal-oxides [2],
chalcogenides [3], inorganic perovskite [4], [5] and organic materials [6]. The hybrid
organic—inorganic perovskite is well known as multi-functional material for
applications in solar cells [7], light-emitting field-effect transistor [8], water photolysis
[9]. In particular, the low-temperature operation of CH3;NH3Pblz enables the
development of flexible memory circuits, while its photovoltaic properties allow for
applications for photo-read synaptic functions [4]. Also, Choi et al. reported
Ag/CH3NH;3PbI3/Pt device can evidence an ultralow electric field and high ON/OFF
ratio switching behavior for multilevel data storage [10]. The RS mechanism was
generally attributed to the migration of iodine vacancy (V;) or bulk defects driven by
electric-field [5], [11], however, although the numerical modeling is an irreplaceable
method to investigate the RS dynamics [12]-[14], a comprehensive understanding of
this mechanism is not so far achieved also for lack of dedicated compact analytical
models for organic-inorganic perovskite materials.

Nowadays, neuromorphic computation, which aims at outperforming

performances of Von Neumann architectures, is one of the most investigated topics in



artificial intelligence and neural network research. The hardware platform including RS
devices has been regarded as promising candidate to build neuromorphic systems with
low energy consumption and high density level [15]-[17]. Several structures (e.g.,
crossbar, artificial synapse schemes) based on resistive-RAM (RRAM) devices have
been designed and used for pattern learning, face classification, sparse coding, both
multiplier and other neuromorphic systems [16], [18]-[21] with great results.
Furthermore, the development of an analytical model capable of capturing RS is crucial
to build a theoretical basis allowing to implement neuromorphic computing with
RRAM devices.

This work presents a physics-based analytical model to simulate the RS behavior
in organic—inorganic perovskite via the growth and dissolution of a Vj-based
conductive filament (CF), which is compared to experimental data. Particularly, a
fundamental characteristic, such as activation energy of V| migration process, is
extracted by analyzing the dependence of retention time on temperature. Also, to
demonstrate neuromorphic learning and recognition via organic—inorganic perovskite
devices, a 2-transistor/1-resistor structure is designed as electronic synapse and enables
to capture anti-STDP function, which is a well-known synaptic plasticity mechanism
responsible for update of synaptic weights. Finally, multi-pattern learning and

recognition are demonstrated via a 2-layer feed-forward neural network.



I1. Resistive Switching Characterization
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Figure 1. (a) lllustrative representation of the AI/CH3;NH3PbI3/FTO device whose structure is further described in
detail by (b) a cross-sectional SEM image and (¢) AFM image of the perovskite layer. (d) Typical XRD data of
CH;NH3Pbl; thin films. Diffraction peaks at 20 equal to 14.2°, 28.6°, and 32.0° represent the crystal faces (110),
(220), and (310) of tetragonal perovskite structure.

Figure 1(a) shows the structure of the perovskite device studied in this work, where
a CH3NH3Pbls layer is sandwiched between an Al-based top electrode (TE) and a FTO-
based bottom electrode (BE). A detailed vision of device structure is also provided by
a cross-sectional SEM image (Figure 1(b)), which shows that the perovskite film has a
uniform thickness of about 500 nm. In addition, the surface morphology of perovskite
film has been characterized by atomic force microscopy (AFM) and the result, shown
in Figure 1(c), evidences the high quality of perovskite film used in our experiments.
Figure 1(d) also shows the result of an X-ray diffraction (XRD) experiment performed
on our device showing the intensity diffraction peaks of tetragonal perovskite
associated to angles 14.2°, 28.6°, and 32.0°, respectively, which in turn correspond to

the crystal faces (110), (220), and (310).



To characterize the electrical properties of our perovskite device, a triangular
voltage sweep, where positive/negative voltage causes reset/set transition, respectively,
is applied to TE with BE grounded. Before activating cycling operation, a forming
process under a high negative TE voltage is necessary to initialize the device. With
increasing the voltage sweep, the current sharply increases up to reach the compliance
current of 10 mA at Vgporming = —1.2 V inducing the formation of a CF in perovskite
film. After forming, as shown in Figure 2(a), 100 reset/set cycles are performed to test
the RS characteristics evidencing a reliable behavior with limited fluctuations. During
reset phase, the current abruptly decreases at voltage V.5t = 1.2V indicating a fast
CF disruption. In contrast, a relatively slow current increase can be observed during set
since the CF formation occur via a gradual process. Figure 2(b) and (c) shows the
conductive-AFM images of both HRS and LRS to investigate the local conductivity
distribution of our devices. The scanning area is 450 X 450 nm? and the read voltage
is 15 mV. Compared to the very low conductivity distribution corresponding to the
high-resistance state (HRS), a high conductive path appears as the device reaches the
low-resistance state (LRS), thus supporting the formation/rupture of CF as RS
mechanism for our perovskite device. According to a previous work [5], the CF is most
possibly composed of V; driven by high electric field. However, a strong limit to
achieve a complete understanding of RS dynamics is currently the lack of analytical

models capable of capturing the RS behavior of perovskite devices.
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Figure 2. a) Measured -V characteristics and b) the distribution of HRS/LRS and switching voltages for the
Al/CH3NH;PbI3/FTO-based perovskite device obtained after the forming process described in the top inset by 100

reset/set switching cycles under the application of triangular voltage sweeps. The conductive-AFM images show the

local conductivity distribution of perovskite film in ¢) LRS and d) HRS, respectively.

II1. Analytical Modeling

Based on the experimental results shown in Figure 2, we proposed a V;
migration-based analytical model to provide a comprehensive explanation of the RS
characteristics in perovskite devices. As illustrated in Figure 3(a), our model mainly
includes three operation phases: forming, reset and set transitions. During the forming
process, a negative voltage applied to the TE induces a high electric field leading to
the V; nucleation followed by CF formation in the perovskite film, which enables to
activate the RS operation for following cycles. The CF can be simplified as one
cylinder, with radius r and height h, since there is an obvious boundary between CF
(LRS) and outer region (HRS) as observed in Figure 2 (b) and (c). After forming, the

application of a positive bias to the TE is at the origin of the V; migration from TE to



BE resulting in the formation of a depleted region near TE, referred to as gap, and
thus in a reset transition. Subsequently, a set transition induced by a negative bias at
the TE allows to form the CF again, thus supporting RS cycling operation. Note that
the application of a negative voltage drives the V; migration in opposite direction,
namely from BE to TE, which leads to the growth of a sub-filament with an increased
radius that re-fills the gap region. The details of reset and set processes will be

discussed in the following two sections.

Reset Transition

In correspondence of reset transition, V; migration from TE to BE is activated by
two fundamental processes, namely the Fick diffusion in combination with V; drift.
Fick diffusion is regulated by the equation Jgi;px =DVn , where D =
0.5a%fexp(—E,/kT) is the diffusivity coefficient and Vn is V; concentration
gradient. In addition, regarding the coefficient D, a is vacancy hopping distance, f
is escape-attempt frequency, E, is activation energy for migration, k is Boltzmann
constant and T is local temperature. Thus, D and Vn are the two key parameters to
describe diffusion process. Here, we assume that the V; concentration gradient (V'n)
complies  with  the distance-based exponential  relations, namely,
dn/dy = a;exp(—B1/0.5(L — g)) and dn/dx = a,exp(—S,/0.5(r —1p)) in the
vertical and lateral directions, respectively, where L is the thickness of perovskite film,
g 1sthe gap length, 7, is a constant and the four coefficients a,, a,, f; and [, are
fitting parameters. Since the BE serves as V7 reservoir and the gradient direction is

always from BE to TE, the Fick diffusion is expected to hinder the reset process.



Another critical factor for V; migration is the voltage field-activated V; drift, which
can be expressed by equation Jarife =-vn where v =
afexp(—E,/kT)sinh(qaE /2kT) is the drift velocity, E is the electric field inside
the CF and q is elementary charge.

Combining Jricx and Jqrire €quations, the time evolution of gap length g can

be expressed as follows:
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It should be also noted that the Joule heating is transferred both along CF in vertical
direction according to steady-state Fourier equation and from inner CF to outer region
in lateral direction according to the Newton’s law of cooling. In particular, an effective
thermal conductance (ki) is used to model the thermal conduction ability between the
inner and outer region. As the area of outer region is much larger, it has an effective
thermal contact at room temperature (T,). Therefore, the outer region temperature (T,,¢)
is directly set to the room temperature, namely T,,; = Ty. The local temperature along
the CF direction T(z) can be expressed as follows:
2
kthTT = —I'? - Zkéh(T - Tout) ) ()

where k;, is the thermal conductivity and p is the electrical resistivity. As the
depleted gap originates, the local temperature of fragmented CF is extracted by solving
a piecewise defined function assuming the thermal conductivity and electrical
resistivity kor and pgr are set to be constants in the CF region. In contrast, the gap

region is featured by kgqp, and pgqp parameters with different physical

characteristics. Specifically, kgq, shows a close relationship with the degree of



depletion dictated by g. Therefore, a g-based exponential law is developed to express

the variable kgqp:

Kgap = ker +1 — (1 + kep — ko)o'Jﬁ ) 3)
where k, is the bulk perovskite thermal conductivity. The critical gap length 0.5 L is
defined as the length where the gap thermal conductivity reaches the value of bulk
perovskite. Based on Poole-Frenkel conduction, gap resistivity is a function of electric
field, namely pgq, & exp(—Ea/2kT). By taking the first order expansion, this

equation can be simplified as

_ Po
pgap - 14yVE , 4)

where y is a constant and p, is the zero-field gap resistivity. Thus, as indicated in

Figure 3(a), an arbitrary gap region appeared near TE because of the reset transition.

Set Transition

Set transition starts from the HRS achieved via reset process (Figure 3(a)). The
application of a negative voltage induces V;, migration from BE to TE, which leads the
gap region to be re-filled. A model of set kinetics based on Fick and Soret diffusion is
proposed to simulate the re-filling process, where the growth of the sub-CF involves
increase of the CF radius with time. Similar to reset transition, Fick diffusion is
described by a V; migration driven by the concentration gradient that coarsens the sub-
CF. Based on Soret diffusion, V; tends also to move toward the hotter region along the
temperature gradient, as observed both in liquid and solid materials. Compared to Fick

diffusion, Soret diffusion suppresses the growth of CF. Soret diffusion flux can be



expressed as Jsorer = DSsoret VT, Where Sgyorer = — E5/kT? is the Soret diffusion
coefficient. Like the concentration gradient, the temperature gradient (VV'T) in lateral
direction is given by dT/dx = azexp(—B3/(r —ry)), where a3 and B are fitting
parameters. Combining Jg;i and Jgore in set transition, the time evolution of CF

radius is expressed as follows:

dr __B2 B3
ar =D * <(,Z2€ 770 + SsoretX3€ T_TO) (5)

Simulation Results

Figure 3(b) and (c) shows the simulation results obtained by our analytical model
of perovskite devices including an experimental I-V curve with corresponding
calculation and the evolution of T, g, r as a function of time. After forming process,
the device is in the LRS, where g = 0. By applying a positive voltage with rate [ =
0.9 Vs~1, the temperature and the electric field of CF increase until the voltage across
the device reaches V. 50 = 1.2V. At V060, the applied voltage mainly drops across

the gap region and the gap growth rate reaches 135 nms™!

inducing an abrupt
increase of resistance with a corresponding decrease of current. However, despite the
increase of applied voltage, the electric field within the CF starts gradually decreasing
during depletion process, thus slowing down the gap formation process. This argument
allows to understand why the increase of gap length mainly occurs in the forward part

of positive voltage sweep. In contrast, the application of a negative voltage induces a

set transition from the final state achieved by reset transition. During set transition, V;



migration from BE to TE causes the formation of a sub-CF in gap region with a gradual
increase of CF radius. The continuous resistance decrease leads to a current increase
inducing a higher Joule heating, which in turn accelerates the growth of sub-CF and
accordingly decreases the device resistance. Therefore, the set transition is based on a

positive feedback effect, as also demonstrated in HfO>-based RRAM devices [22].
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Figure 3. (a) Schematic illustration of RS modeling in Al/CH3;NH;3;PbI3/FTO RRAM device, including CF evolution
during forming, reset and set processes. (b) Measured and calculated I-V characteristics of the perovskite memory
device evidencing set and reset transitions for negative and positive voltages, respectively. (c) Time evolution of
calculated applied voltage waveform (top), temperature profile (center) and CF height and radius during reset/set

operation cycle.

The combined effect of electrical and thermal driving forces, which can be both
classified as voltage-based external factors, is at the origin of the evolution of CF in the
RS mechanism. In addition, the self-characteristic of V;, migration is also dictated by
the specific properties of CH3NH3Pbl; material. In general, the activation energy for
migration represents the barrier of V; hopping from one position to another. As
reported in literature [5], the retention time is a function of activation energy Ea

according to the equation:



Ea
lreset = Lo€kT

’

(6)

where t, is a pre-exponential factor. First, to calculate Ea, a constant voltage 1 mV is

applied to device. As a result, E4, which is a constant, and the local temperature T,

obtained by solving Equation (2), depend only on To, which is varied from 200K to

320K.
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Figure 4. Representation of LRS retention behavior. The application of a constant read bias of amplitude 1 mV is to

the similar initial state device enables to extract the retention times at room temperatures 200K, 260K, 300K, and

320K. The right inset shows the linear fitting between tretention €Xpressed in log-scale and 1/KT, which is calculated

to obtain the activation energy of V;.

Then, to extract the retention time for variable To, a linear fitting curve can be

estimated between [Nn(tyetention) and 1/kT. The slope of calculated fitting curve

evidences Ea = 0.16 eV in accordance with typical values between 0.1 and 0.6 eV

obtained in previous works [23]—[25], which are lower than the characteristic value for

oxide-based devices (2.5eV). In particular, it should be noted that a lower activation

energy makes the growth and rupture of CF much easier, thus supporting the potential

application of perovskite-based RRAM devices for low power applications.



IV Neuromorphic learning and recognition
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Figure 5. (a) Circuit scheme of a 2-transistor/1-resistor synapse structure. The PRE circuit drives the TE of RRAM
device and the CG while the POST integrated the weighted current spikes coming from BE and controls the FG
terminal sending a feedback fire spike as Vi reaches V. (b) Illustration of waveforms of voltages involved in 2T-
IR synapse operation. If delay time between Vg and Vg is negative (left), a negative voltage due to signal overlap
drops across RRAM causing a set transition, and thus anti-LTD process. Otherwise, if time delay is positive (right),
the application of a positive voltage as a result of Vg and Vg overlap induces a reset transition, namely anti-LTP

process.

The development of compact analytical models capable of capturing RS behavior
of perovskite-based RRAM is crucial to explore novel applications requiring very
complex structures including RRAM devices. To this purpose, we used our analytical
model to simulate a 2-layer neuromorphic network designed for demonstrating learning
and recognition of visual patterns via hybrid CMOS/RRAM synapses.

Figure 5(a) shows two circuital blocks implementing a pre-synaptic (PRE) and a

post-synaptic (POST) neuron, respectively, communicating via a perovskite-based



electronic synapse with a 2-transistor/one-resistor (2T 1R) structure. The PRE controls
both the TE of RRAM device and the communication gate (CG) terminal applying the
voltages Vte and Vg, respectively, while the POST drives the BE, which acts as the
input of integrate circuit, and the fire gate (FG) terminal of synapse by a feedback
voltage spike Vg;. The waveforms of Vi and Vg, are illustrated in Figure 5(b). The
top-electrode voltage Vi consists of the sequence of 3 pulses with a duration of 100
ms, namely a negative triangular pulse of amplitude -2V followed by a period at zero
voltage, which is in turn followed by a positive triangular pulse of amplitude 2V, while
Vee consists only of a 100-ms-long squared pulse of amplitude 8 V. The V;p also
includes two read pulses before and after the PRE and POST spikes to monitor the
initial resistance Ro and the final resistance R of RRAM. Their width and amplitude are
set to 1 ms and 1 mV, respectively, to avoid any possible switching event.

During the communication phase, Vrz and V., are sent to the synapse at the
same time inducing because of their time overlap a positive current flow toward the
POST via BE. As a result, the integrator module in POST collects and integrates each
PRE spike causing a gradual increase of internal potential V.. As the latter reaches
the neuron threshold Vi, implemented by a comparator, the fire circuit within the POST
sends a 100-ms-long square voltage pulse of amplitude 8 V to the FG terminal of 2T1R
synapse.

As shown in Figure 5(b), if the time delay At between Vg and Vg spikes, which
is defined as the time interval between the end of negative pulse within Vg and the

onset of Vrg, 1s negative (At < 0), the positive Vg, pulse overlaps with negative pulse



of Vrg spike by causing a negative voltage drop across the RRAM device resulting in
a set transition (resistance decrease) via CF connection and thus in a long-term
potentiation of the 2T 1R synapse. In particular, as the synaptic potentiation is achieved
for negative At values, such synaptic process is called anti-LTD, thus highlighting the
opposite behavior compared to the typical biological STDP characteristics [26].
Otherwise, if the time delay is positive (At > 0), the overlap between Ve and Vrg
results in a positive voltage across RRAM inducing a reset transition via CF
disconnection corresponding to a long-term depression (anti-LTP) of the 2T 1R synapse.
It should be noted that the particular anti-STDP characteristics was also observed
in some biological systems [27], which points out that the shape of STDP curves is not

crucial to achieve high performance in neuromorphic tasks [28].

(@) (b)

Measured Calculated

0
At [ms]

Figure 6. a) Measured and b) calculated ratio Ro/R as a function of time delay between PRE and POST spikes At for

the perovskite-based RRAM evidencing anti-LTD gradual transitions for At < 0 and anti-LTP transitions for At > 0
with an abrupt resistance variation occurring for At = 25 ms. Experimental data show a high variability which is also

observed in calculated results.

To validate the device capability to implement the anti-STDP, we calculated the

ratio of initial and final resistances R,/R for variable At.



Figure 6(a) shows the measured anti-STDP characteristics evidencing a gradual
anti-LTD process for At < 0, which is due to nature of set transition in perovskite-
based RRAM, and an abrupt anti-LTP process for At > 0 occurring only as At =
25ms, thus supporting the abrupt nature of reset transition. In addition, even under the
same operation mode, the experimental data exhibit a large variability due to the
stochastic nature of RS, whose impact becomes more serious for increasing At. The
distribution of variability is also calculated by Monte Carlo simulations and the result,

similar to experimental one, is shown in Figure 6(b).
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Figure 7. (a) Conceptual representation and (b) corresponding circuital scheme of a feedforward 2-layer

neuromorphic network for multi-pattern learning. The network consists of a first layer with N=75x75 PREs and a
second layer with M=4 POSTs, which are fully connected by perovskite-based 2T-1R synapses. To achieve multi-
pattern learning, the 4 POSTs communicate via inhibitory synapses whose function is to hinder that more POSTs

specialize on the same input pattern.

To demonstrate in simulation multi-pattern learning and recognition, we designed
a 2-layer neuromorphic network consisting of a first layer with N = 75x75 PREs as and
a second layer with M =4 POSTs. Figure 7 (a) and (b) shows the schematic
illustration and the circuit implementation of the simulated neuromorphic network.

PRE and POST communicate via 2T1R synapses according to operation scheme



illustrated in Figure 5. The first layer acts as an artificial retina since emits spikes in
correspondence of submission of a visual pattern. In addition to pattern (black) pixels,
a submitted image also presents background (white) pixels, which are labeled as noise.
Note that in our implementation, PREs are solely stimulated by black pixels
corresponding to the submitted pattern.

As previously mentioned, each POST integrates the synaptic currents induced by
all the active pixels and sends a fire spike as the internal potential reaches an internal

firing-threshold.
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Figure 8. (a) Color maps of synaptic weights at the end of training phase revealing the parallel learning of 4 different
visual patterns (shown in the top left insets) submitted to the neuromorphic network. (b) Evolution of mean synaptic
weights for all the submitted patterns and their corresponding background for increasing epochs evidencing a gradual

potentiation of pattern synapses and a faster depression of respective background synapses.

Figure 8(a) shows four specific visual patterns extracted from the MNIST dataset

[29] representing the handwritten digits “17, “2”, “3” and “4” to demonstrate the



capability of unsupervised multi-pattern learning and recognition by our RRAM-based
neuromorphic network.

During learning phase, the input feeding the PRE-layer at any time can be either
one of 4 handwritten digit patterns, each one with equal probability, or random noise.

Particularly, the presentation probability of pattern and random noise is set to 50%.

At each epoch, we also set different amounts of plastic excitatory synapses,
namely 650 for noise and 90 for pattern. All the synapses were prepared in a random
resistance state. As result of training phase, which lasts 700 epochs, each of 4 input
patterns has been successfully learnt in a single POST because of the inhibitory
connections among them (Figure 8(a)), thus supporting unsupervised learning
capability of our network. This result is also confirmed by Figure 8(b) where the
evolution of mean synaptic weights is calculated as a function of the training epochs. It
should be noted that on one side pattern synapses converge to LRS within 300 epochs
via anti-LTD process while on the other side background synapses only need 200
epochs to achieve the HRS state via anti-LTP process, thus supporting again the nature
of RS in perovskite-based RRAM described in Figure 6. Finally, the obtained evolution
results sufficiently stable despite the fluctuations of mean weights of background and
pattern synapses at every learning epoch.

Conclusion
In this work, we have proposed an analytical compact model for CH3NH3Pbl3
organic-inorganic perovskite-based RRAM to obtain an essential tool to design large-

scale systems including RRAM devices for attractive applications such as



neuromorphic or logic computing.

Our model shows a nice agreement with experimental measurements and allows
to explore in detail the evolution of physical parameters, such as local temperature, the
radius and height of CF, governing RS in RRAM devices. Based on this model, we first
achieve in simulation anti-STDP characteristics at level of single device, which are
clearly consistent with curves obtained in experiments by taking also account of the
inherent variability of these resistive devices. Finally, we simulated a 2-layer
neuromorphic network with 2T1R synapses by demonstrating unsupervised learning
and recognition of 4 visual patterns from MNIST handwritten digit database. Our
results are very promising and pave the way for the use of perovskite-based RRAM

devices in very large circuit systems capable of neuromorphic computation.
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