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Synaptic Function in Memristor Devices for Neuromorphic
Circuit Applications

Juan Bisquert,* Wooyoung Shim, So-Yeon Kim, and Bernabe Linares-Barranco

The realization of artificial neural circuits requires synaptic materials and
devices that show adaptation at different time scales to modulate signal
transmission between neurons according to the desired applications.
Sensory-motor and intelligence operation in the brain relies on the dynamical
properties of synapses that adapt to the frequency and synchronization of
voltage spikes. The properties of potentiation and depression of the synapse
conductivity control the plasticity and adaptation of synapses. Here, the
general dynamical properties of ionic or electronic current conduction that
form the main rules of synaptic activity are discussed. The basic model
requirements of a memristor or chemical inductor to produce an adaptation of
conductance to incoming stimuli are established. The synaptic response can
be described by the combination of three factors: A conduction process that
depends on an internal state variable x; this variable causes rectification at an
onset voltage; it also causes a memory, characterized by a delay in response to

1. Introduction

Modern computers built on Von Neu-
mann architecture are approaching their
limits in terms of energy efficiency, es-
pecially when handling artificial intelli-
gence algorithms and Internet of Things
applications. Neuromorphic computing
presents an alternative solution by mim-
icking the structure and function of
the biological brain to enable more effi-
cient learning and computation.'** The
fundamental building blocks for next-
generation neuromorphic hardware are
artificial neurons and synapses. Neurons
serve as nodes that receive signals from
other nodes, integrate inputs, and decide

the stimulus. Diverse diagnosis methods are described that connect the
nonlinear time response, the nonlinear cycling of current-voltage curves, and
the linear frequency response of impedance spectroscopy, to assess the

adaptation properties.
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whether to pass the signal onward, as il-
lustrated in Figure 1a. Synapses, which
are specialized junctions where two neu-
rons connect and communicate, con-
trol the filtering of signals, determining
how information is processed and stored.

The contact strength of the synapse
is flexible and can be modified accord-
ing to the activities of the neurons that
it connects. In the natural brain, a neuron generates an electri-
cal signal called an action potential, which travels down its axon
toward the synapse. When the signal arrives at the synapse, it re-
leases neurotransmitters into the synaptic cleft (the gap between
the neurons). The binding of neurotransmitters to receptors on
the postsynaptic neuron triggers either excitatory or inhibitory
responses, which determines the subsequent response. When a
presynaptic neuron fires and successfully causes the postsynaptic
neuron to fire (within a close time window), the synapse between
them strengthens. This process is called long-term potentiation
(LTP). If the presynaptic neuron frequently fires without caus-
ing the postsynaptic neuron to fire (i.e., there is little correlation
between their activities), the synaptic connection weakens. This
process is called long-term depression (LTD). These rules consti-
tute the Hebbian synapse learning family, which is often stated
as “cells that fire together, wire together.”l>¢]

In artificial neuromorphic analog circuits, the signal between
neurons is normally an electrical voltage and/or current that can
have complex forms, as in spikes, consisting of repetitive pulses
at a constant voltage amplitude. The artificial synapses have a
property, as shown in Figure 1b, in which a memory state vari-
able, termed x, modulates the conductance of the synapse, o,
which will provide the computational weights in a neural network
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Figure 1. a) A schematic brain network system composed of neurons and synapses. The synapse weights the signal transmission from the presynaptic
to the postsynaptic neurons. b) Conductance of synapses modulated by a state variable x, resulting in the synaptic properties of potentiation and
depression. The squared panel diagrams show the relation of measurement techniques of a synaptic device: c) the current-voltage (I-V) curve. d) The

time domain response to a voltage step and e) basic equivalent circuit under small ac perturbation.

link between neurons, as shown in Figure la. Furthermore, the
synapse weight must be adapted by the incoming impulses,
mimicking a Hebbian learning behavior. Therefore, the role of
synapses is often taken by two-terminal memristor devices where
the conductivity can be changed between two contacts by ex-
ternal stimuli.>”-'?] Besides, three-terminal transistors are also
widely used to form synapses, which can be operated by control-
ling the external stimulus through the third terminal, the gate
electrode.[3-16]

Numerous resistive switching systems have been reported
for analog volatile memory applications in neuromorphic
systems.['722] They span a wide range of materials, including
semiconductor ion carriers,[*2°] chalcogenide materials,26
HfO,,[?l metal oxides,?*] electrochemical metallization
cells,*% phase change materials,*! halide perovskites, 323
fluidic nanochannels,*~*!l and biomaterials.[*?! In typical two-
contact memristors, the memory variable x is related to an ionic
redistribution process that enhances the conductance, such as fil-
amentary switching in electrochemical metallization (ECM) cells
and valence change mechanism (VCM); interface-type switching
by modification of Schottky barriers; and charge accumulation
in fluidic nanochannels. The two-terminal synaptic memris-
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tors with controllable synaptic weights and spatiotemporal
signal summation capabilities enable advanced computational
functions,>?’] as the vector-matrix multiplication in a cross-
bar array of memristors, logic gates,**3] and artificial neural
networks with learning and recognition functions.!**

We believe that the two-contact synapse devices across the var-
ied material platforms share some basic dynamical character-
istics that enable them to perform the synaptic function. It al-
ways involves a memory element, since the modified conduc-
tance must persist for a certain time, according to the retention
time required in the computational system. Whatever the physi-
cal property that causes the memory in a variable of x type, such
memory element must obey some basic rules to enable potenti-
ation and depression.

In this paper, we provide a general view of the synaptic func-
tion approaching it from three different dynamical measure-
ments, as outlined in Figure lc—e: 1) the cycling of current—
voltage (I-V) curves, in which the memory appears as hystere-
sis effects. 2) The small signal ac impedance, in which the de-
layed responses appear as capacitors and inductors. 3) The train
of voltage pulses that form the potentiation and depression prop-
erties. We aim to establish a deep connection between these three
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behaviors, which provides a powerful tool for characterizing new
cases.

The aim of the paper is to illustrate the general dynamical
properties that are common to most synaptic systems. In the next
section, we find the characteristic behavior of artificial synaptic
devices. Thereafter, in Section 3 we will describe some general
properties of memristors that enable synaptic function.*’] Then,
in Section 4 we provide a model that contains the main ingredi-
ents of the synaptic behaviors, based on a quasilinear property
that will be suitably defined. This model describes well several
types of memristors and clarifies the role of the different mea-
surements, such as hysteresis curves (Figure 1c), that are dis-
cussed in Section 5, transient currents (Figure 1d), and their
interpretation in terms of small signal equivalent circuit mod-
els (Figure 1d). In Section 6, we will discuss the main proper-
ties of cycling current—voltage,*’] the effect of relaxation times in
volatility,[**! and how these memory effects enable interpretation
of potentiation effects, based on the central role of the chemi-
cal inductor mechanism.[*%! In Section 7, we discuss other situ-
ations involving more than one memory variable, that facilitate
advanced biocomputational phenomena like activity-dependent
thresholds. Finally, in Section 8, we extend the synaptic behavior
to other type of stimuli, like optical signaling, that relies on a sim-
ilar dynamic memory effect. We finish with a general discussion
and conclusions.

2. Experimental Properties of Potentiation of
Synaptic Devices

In this section, the main synaptic properties of potentiation and
depression in different systems are summarized with specific
examples. Figure 2a shows the properties of asymmetric flu-
idic nanochannels.[*”#’] The ionic current through the channel
is higher in forward than in reverse voltage. The rectification ob-
served in quasiequilibrium I —V curves is due to a difference in
ion density in the wide and narrow extremes of the channel.[*8]
When the scan frequency is increased in Figure 2b, the current
in the forward direction decreases, and the response displays hys-
teresis loops.[*!

In asymmetric nanochannels, the direction of ion transport is
determined by the applied voltage polarity, leading to the simul-
taneous observation of rectification and hysteresis (Figure 2b). In
Figure 2c,d, the change in pH causes a change of the sign of car-
riers in the channel wall. The combination of rectification and
hysteresis produces a successive increase or decrease of the cur-
rent under a train of voltage pulses. This is shown in Figure 2e,
where the positive voltage stimulation produces potentiation, and
the negative one produces depression. Then, the high current
side occurs at negative potentials, and consequently, potentiation
happens under negative voltage pulses (Figure 2f). These are the
properties we wish to discuss in the next sections of the paper.

Figure 3 shows a similar experiment for a methylammonium
lead bromide (MAPDBr;) perovskite memristor.*®) The character-
istic I-V response of the memristor device is shown in Figure 3a,
while Figure 3D illustrates its dependence on vertex voltage. We
can see in Figure 3c that the current raises inside one voltage
pulse, but it depends on the applied voltage value (Figure 3d).
This is because the system is stimulated at a high voltage (above
a threshold voltage V), as observed in the hysteresis loops of
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Figure 3a, which show the self-crossing between 0.3 and 0.5V,
depending on the cycle velocity and the vertex voltage applied in
the cycling.

In particular, Figure 3e,f shows that the potentiation transients
have the same form as those for the fluidic channel in Figure 2.
Figure 3g shows that the potentiation is gradual, which means
that the state of the system is not forgotten from one pulse to the
next, even though the measured current seems to decay to zero,
both in the measurements of Figures 2 and 3. Note that we apply
voltage zero between the pulses and we force the system to de-
cay to a very small current. To track the evolution of the internal
memory variable, a small read voltage is applied, as indicated in
the inset of Figure 3f.°»*2] Then, we can obtain the remnant cur-
rent after each pulse, which shows that potentiation occurs for
steps of voltage V > V,;, while depression ensues when V < V,
as indicated in Figure 3h. We remark that the discrete pulses are
not necessary to observe potentiation; it can be obtained with a
single long pulse as shown in Figure 3g.

The excitation/inhibition of the synaptic device can be ob-
tained with different types of devices in Figures 4 and 5. Figure 4a
exhibits the nonlinear synaptic transmission characteristics of
the two-terminal, bilayer InGaZnO (a-IGZO)-based memris-
tor. Potentiation and depression characteristics are shown in
Figure 4a, in which successive applied electric fields make the de-
vice reach increasing (decreasing) conductance during the posi-
tive (negative) voltage sweeps. Also, the successive triangular volt-
age ramps increase/decrease the conductivity depending on the
time, and the change of the synaptic conductivity according to the
sweep cycles is shown.

The velocity of potentiation also depends on the polarization
time At, (the pulse width) and resting time At, (the inter-pulse
time). The release of neurotransmitters in the synaptic junction
is caused by the arrival of action potentials generated by firing,
and then a signal is transmitted as a synaptic potential. Frequent
stimulation causes long-term enhancement in the strength of the
synaptic connection. This tendency results in frequency depen-
dence properties of the stimulation for a WO,_-based ionic de-
vice (Figure 4b),!*] an Ag,S inorganic synapse (Figure 5a),*’]
and a single crystal perovskite memristor (Figure 5b).**] Note
in Figure 5a that the stimulus is applied for a short pulse, and
then the strength of potentiation depends on the rest time. For
a long rest time (At, = 20 s), the conductance is only transiently
increased without reaching a stable potentiation, while for the
reduced rest time (At, = 2 s), a stable potentiation is obtained.
Similar results can be observed in Figure 4b.

These frequency-dependent properties provide the mimick-
ing of biology-like synaptic properties,>®l as the short-term and
long-term plasticity, the spike-rate-dependent plasticity (SRDP),
and the paired-pulse facilitation (PPF)P**] shown in Figure 5b.
The spike-timing dependent plasticity (STDP)[112325:55-60] rely on
the ordered match of action potentials in pre and postsynap-
tic neurons. To reproduce STDP, a pair of pulses with positive
and negative amplitude can be applied to each electrode, simu-
lating the correlation of spikes,!?’] and realistic forms of the ac-
tion potential can be implemented.l>®%%-63] This is illustrated in
Figure 6. Other functions can be measured as the paired-pulse
depression (PPD), the spike voltage-dependent plasticity (SVDP),
spike number-dependent plasticity (SNDP), and spike frequency-
dependent plasticity (SFDP).
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Figure 2. a) lon conduction through multipore polyethylene terephthalate (PET) membranes. b) I-V curves in 100 mm KCl solution at neutral pH,
parametrically in the electrical potential scan rate, characterized by the signal frequency fo = Qg /27 with a voltage amplitude of 2 V. The arrows indicate
the signal time evolution. -V curves for c) neutral pH and d) pH = 2.0. e) Current response (left) to a sequence of 2 ms positive voltage pulses
(right) showing a gradual conductance potentiation followed by a sequence of negative voltage pulses, which reset the multipore membrane to the low
conductance state for neutral pH. f) Same experiment except for pH = 2.0. In all cases, V, = 1V and ¢ = 50 mm KCl. Reproduced with permission.[*3]

Copyright 2023, American Chemical Society.

Depending on the specific synapse device dynamic equations,
it is possible to engineer different spike shapes to induce spe-
cific STDP learning rules, as illustrated in Figure 7. In the
Bienenstock—Cooper-Munro (BCM) learning rulel®*®] that de-
scribes many aspects of experience-dependent plasticity in the
developing visual cortex, a crossover point occurs between LTD-
LTP that varies as a function of the history of cortical activity.[°]

3. Main Synaptic Processes
3.1. Memory-Controlled Conductance: Memristors
The essential property of the synapse is a signal transmission sys-

tem with memory in which positive/negative pulses are used to

Adv. Electron. Mater. 2025, 11, 2400903 2400903 (4 of 28)

excite/inhibit the synapse’s weight property. There are different
types of transmission properties, e.g., optical transmittance, and
several possibilities are discussed in Section 8. However, in the
first sections of the paper, we will adopt the most extended prop-
erty, which is electrical conductivity in an electrical array. There-
fore, a modulation of the conductance is a dominant feature, and
we are led to systems that show resistive change.[12¢7-70]
We will use a model of the typel”:84°]

Ly =f (V%) 1)
W) & =g (v @
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Figure 3. a) The characteristic I-V response of the memristor device over 5 cycles at a scan rate of 1V s™', shown on a semilog scale, exhibiting
a threshold resistive switching. Arrows and numbers indicate the scan direction. The inset illustrates a schematic diagram of the device configura-
tion (FTO/PEDOT:PSS/MAPbBr; /Au). b) Voltage-dependent multilevel/multistate analog resistive switching of the memristor device. c) The voltage-
dependent transient current response of methylammonium lead bromide perovskite memristor by applying 20 identical voltage pulses with an amplitude
of V,,, and a pulse width of 10 ms (schematic diagram shown in inset) and d) the magnified view of the transient current response of a single voltage
pulse at representative V,, levels. e) The pulse width-dependent transient current response by applying 20 identical voltages pulses with a period Tpsc
of 100 ms and f) the correspondmg magnified view of the first and last transient responses. g) Comparison of the transient current response oFthe
volatile perovskite memristor with a single long pulse (5 s) and a train of 20 identical short pulses (pulse width of 200 ms; pulse period of 250 ms) at
applied voltage 0.8 V, and h) the synaptic potentiation and depression characteristic response of the memristor measured at a read voltage V,.,q4 =0.6 V
(pulse width t,.,y = 10 ms), SET voltage Vsgr = 1.75 V (pulse width = 100 ms), and a RESET voltage Vgeser = 0.2 V (pulse width = 100 ms) with the inset
illustrating the schematic diagram of the pulsed measurement sequence. Reprinted with permission from under the terms of the Creative Commons
Attribution (CC BY 4.0) license.l*0]

Adb. Electron. Mater. 2025, 11, 2400903 2400903 (5 of 28) © 2025 The Author(s). Advanced Electronic Materials published by Wiley-VCH GmbH

85UB0|7 SUOLUWIOD BAIER.D) 8|l |dde 8L Aq peuenob e 91 O 88N JOS9INI 104 A%eiq18UIIUO 481 UO (SUORIPUCD-PUR-SWLBHLI0D™AB| 1M AReid U UO//SHIU) SUORIPUOD PUe SWB | 8U) 88S *[9202/T0/02] Uo Aiq18uliuO A8|IM ‘e IoUB R A 80 BIIUIBYI[Od JoeISBAIUN AQ £0600120Z'WIBR/200T OT/I0p/LU0D" A3 | 1M A .qBul uo"peouApe//Sciy WO pepeojumoq ‘T ‘G202 ‘X09T66TZ


http://www.advancedsciencenews.com
http://www.advelectronicmat.de

ADVANCED
ELECTRONIC
MATERIALS

www.advelectronicmat.de

ADVANCED
SCIENCE NEWS

www.advancedsciencenews.com

(a) 354 .. Top  Pre-neuron
30{ 2 g
= 251 & ;
£ O - =
= 203 g
Z N
§ 15{«
6}
104
5.
0 — 0.2
6 5 4 3 2 - 0 3 2 1 0 1 2 3
Voltage(V) Voltage (V)
T T T ™16 - 6 S 2.5
304 —— Voltage » Postive S 20
: | > Negativ | o 2 :
20 —— Current| | Negative L 5 & ;3 g1l ! ! !
o fea] ° »n 3
< 10] 25 % ~ 250l 1.5V -2.4V/10us
& < ° 4 @ interval 100 s
S s < 200
o 0 Lo & - 3 £
E = ° [ 32 < 150
5 q : :2§ ° Qo 8 c 15
= Q o
= o &t £ 100
. 2 = =
3 i O 50 N—
4 o 6 Q F o

ol
0 200 400 600 800 1000 1200
Time (s)

0 2 4 6 8 10 1 23456789 10
Time(s) Sweep cycles

Figure 4. a) The nonlinear transmission characteristics of InGaZnO (a-1GZO) memristor. |-V characteristics of the memristor at positive and negative
bias voltages for potentiation and depression, the voltage sweep range is from zero to + 6 V then back (—6 V) to zero with the time of 1s for a sweep cycle
(above two figures). The ramps of current and voltage versus time and the variation of the device conductivity with the scanning sweep cycles (bottom
two figures). Reproduced with permission.[?°] Copyright 2012, John Wiley and Sons. b) Nonvolatile resistive switching behavior and memorization in a
WO;_,-based nanoionics device. Above typical |-V characteristics of nonvolatile resistance switching behavior observed on the device after the forming
process and nonvolatile memorization obtained by applying a sequence of electric pulses with increasing amplitude from 1.5 to 2.4 V with a step of 0.1V

for 10 us and a pulse interval of 100 s. Reproduced with permission.[?° Copyright 2013, IOP Publishing.

Here I, is the total current. fis a conductivity function that
describes the conduction current, with respect to voltage V in the
device and a state variable x. The x is a (memory) variable nec-
essary to determine the future behavior of the system when the
present state and the inputs are known. For simplicity, we con-
sider that x is a normalized variable 0 < x < 1. The delay effect is
expressed in Equation (2), indicating that changes of the “slow”
state variable x are controlled by an adaptation function g(V, x)
with the characteristic time z,. More generally, the device can be
controlled by several state variables x;,[®] and these systems will
be addressed in Section 7.

The stationary conduction under constant voltage V. will be
established when dx/dt = 0. Then

Idc =f (Vdc'xeq) (3)

where x,, (V) is the equilibrium value of the memory variable at

the applied voltage that is obtained by the solution of

g (Vdc’xeq) =0 (4)

Typically, x,, has a sigmoidal form, and the x will control the
system conductance, as indicated in Figure 1b, say from a low
conductance at x = 0 with current I, 4(V,0), to a high conduc-

tance at x = 1 with much higher current, I, 4(V,1) > I_.,4(V,0).
This transformation is the set process in the resistive switch-
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ing, which forms a potentiation effect, and the reverse process
(x =1 — 0) is the reset that brings the system back to a low con-
ductance state, causing conductance depression.

We remark that in synapse applications, it is desirable that the
system persists at intermediate values of x, between 0 and 1. The
change of synaptic weight o can be viewed as a change in current
under the read voltage as follows(”!!

I -1
Ao = o

®)

Iy

Here I, is the initial current and I, after the application of a
stimulus that changes the weight. In the read current I,, one uses
a low amplitude voltage so as not to alter the state/conductance

of the memristor. In general, we have a correlation ¢ (x) for using
the memristor as a synapse.

3.2. The Process of Potentiation: Chemical Inductors

Each potentiation step is determined by two factors:

1) avoltage step shifts the equilibrium function value x,, (V;) -
Xeq( V1), and

2) the new conductance-determining state, x.,(V;), is estab-
lished during the relaxation time, 7, (V,,V;).
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Figure 5. a) Conductance changes along with applied input pulses (V =80mV, W = 0.5s) at the intervals of T=20s and 2 s in Ag,S-based inorganic
synaptic system. The conductance of the inorganic synapse with a single atomic contact is 2¢2/h (= 77.5 uS), where e is the elementary charge, and h
is Planck’s constant. Reproduced with permission.[33] Copyright 2011, Springer Nature. b) Synaptic behavior of a single crystal (SC) halide perovskite
memristor composed of Au/MAPbBr; SC/Au, in which paired-pulse facilitation (PPF), inductive -V hysteresis characteristic, and number-duration-
frequency dependence of the pre-synaptic spikes are described. Reproduced with permission.[3*] Copyright 2024, Elsevier.
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Figure 6. lllustration of STDP learning with memristors with special spike shapes. a) Pre- and postsynaptic neurons connected through a synapse. b)
Detail of synapse. Inside of presynaptic cell is at voltage V... = V;, outside is at V., = V;, inside of postsynaptic cell is at V,,5. = V,, outside is at
Vpos+ = V5. A memristor can be thought as being connected between V, and V;. Presynaptic neuron voltage is Vinem_pre = Vs — V3, postsynaptic neuron
voltage is Vinem pos = Vs —V,. Memristor voltage is Viyr = Vinem pos — Vimem_pre- €) Pre- and postsynaptic neuron transmit spikes with positive peak and
negative tail. d) If postsynaptic spike happens after presynaptic spike (AT > 0), Vjyr can have a high positive value, inducing LTP. €) If presynaptic spike
happens after postsynaptic spike (AT < 0), Vyg can have a high negative value, inducing LTD. Reproduced with permission from[¢%! licensed under a
Creative Commons Attribution (CC BY 4.0) license.
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Figure 7. Engineering of spike waveforms to obtain different STDP learning functions to update the synaptic weight w, Aw = &(AT), with AT being the
time difference between the post- and presynaptic spikes. Reproduced with permission from!'"! licensed under a Creative Commons Attribution (CC BY

4.0) license.

This combination causes an increase in current over time, in-
dicating that the core mechanism of the synapse is an induc-
tive process.*’] This inductive process, described by the Equa-
tions (1) and (2), is associated with the transition between two
intrinsic conduction possibilities of the system: from the lower,
“fast” branch to the higher, “full” conduction current. We have
generally termed such systems chemical inductor,*?! as they ap-
pear in different branches of science, e.g., catalysis and batter-
ies. The dynamics of the chemical inductor in halide perovskite
memristors have been explained in recent publications.!”27°!

3.3. A Generative Example: Hodgkin—-Huxley Model

The models satisfying the types of Equations (1) and (2) ap-
ply in a broad variety of systems, for example in metal-oxide
synaptic devices,””7°l and various biological systems, such as the
Hodgkin—-Huxley (HH) model for the action potential in the neu-

Adv. Electron. Mater. 2025, 11, 2400903 2400903 (9 of 28)

ron axon,!8#3] and other biological channels and pores that are
crucial in numerous physiological processes. ]

While HH model is an example of a spiking neuron system,
the model structure is very useful for conductance-controlled
synapses elements that are the main focus of this work. The HH
model is based on the following equations

d
Itot = Cmd_l;t +gNam3h (u_ ENa) "'gKn4 (u_ EK) +gleak (u - Eleak) (6)

m (1) T = Me (W) —m (7)
o) 9 =, ()~ ®
o) P =n ()= n o)

Equation (6) relates the current I, and the voltage u across
the neuron wall, u = V — V,, where V; = — 65 mV is the rest
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voltage of the membrane. It contains a capacitive charging with
the capacitance C,, of the neuron wall. The next three terms cor-
respond to generalized Ohm’s law for three conduction channels:
the sodium-selective channel, the potassium-selective channel,
and a leak channel, with conductances gy,, gk, g and the equi-
librium potentials Ey,, Ex, E.,.- The current across the channel
is also controlled by gating variables m, h, n.m, h determine ac-
tivation and deactivation of the sodium channel, and » activates
the potassium channel. We remark that HH contains in Equa-
tions (7-9) three chemical inductor variables of the type (2), with
the respective equilibrium functions and relaxation times 7, that
will be further discussed in Section 4.

Due to the similarity of mechanisms of HH neurons and
memristors, one can obtain a variety of spiking systems starting
from Equations (1) and (2). However, spiking requires special dy-
namical stability properties that are usually caused by negative
resistance effects, 8] which are not needed in synaptic devices.

4. The Conductance-Activated Quasilinear
Memristor (CALM) Model

To analyze the different properties that we have outlined in
Figure 1, we use a relatively simple model of the type (Equa-
tions (1) and (2)) in which the memory variable is a normal-
ized conductance x that switches the system between low and
high conductance states.[**#?] Therefore, we have x = ¢ in Equa-
tion (5), and the synaptic weight is directly recorded by the state
variable. The model has application in experimental systems, e.g.,
the fluidic nanochannels of Figure 2,[**8%%] the halide perovskite
memristors of Figure 3,°!l and solid-state memristors.[°?]

4.1. Features of the Model
The first part of the model is formed by the equations

Vapp tot /gs +tu (10)

o ()= [g1+ (8~ ) ¥] w+ G, 20 an

Equation (10) separates the applied voltage V,,, into the volt-
age in a series conductance g, induced voltage, and the voltage u
in the active part of the device. The total current in Equation (11)
includes the conduction current (where g; and g, represent the
conductance values at low and high states, respectively) and the
capacitive current associated with the geometric or contact capac-
itance C,, > 0, present in most devices. Accordingly, there is a
“fast” initial relaxation for the transient time of the charging, 7,
= R, C,,, where R, is a resistance in the system such as a series
resistance R, = 1/g.. As discussed previously, the conduction cur-
rent

Icond (u) = [gL + (gH _gL) x] u (12)

makes a change from a low value g; to a high value g;,. This hap-
pens when the activation function passes from x = Otox = 1,
as shown in Figure 8a. The adaptation equation has the form

Adv. Electron. Mater. 2025, 11, 2400903 2400903 (10 of 28)
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a2 =

di eq (u) -% (13)

so that in equilibrium x — x,,. As mentioned before, Equa-
tions (12) and (13) are the essential form of a chemi-
cal inductor*l and also the typical constitutive equations of
memristors.!”]

The model approach (12-13) has some special properties. It
is linear on the conductance x-variable, though not in u-variable
(the nonlinearity happens in the functions x,,(u) and 7, (u)).
Due to this feature, integration of some dynamical properties
is simplified, as further discussed in Sections 5 and 6. Never-
theless, this type of model can produce highly sophisticated dy-
namic behaviors, and it is widely used in neuronal dynamics.**!
To indicate these restriction properties we denote the model a
conductance-activated quasilinear memristor (CALM) model. An
analysis of the limitations of these assumptions is provided in
Section 7.

Specific material properties of a CALM model are determined
by two functions. The first is the equilibrium function x,,. Here,
we choose a sigmoidal form

1
Xy=— 14
P, VI (14)

as shown in Figure 8c. V;, is a threshold potential for the ac-
tivation of x, and the voltage V,, describes the steepness of the
transition. This form is quite typical in many solid-state fluidical
and biological systems.[??]

The final piece of the model is the voltage dependence of the
relaxation time, 7, (u), which has a profound impact in the dy-
namical properties of switching devices and synapses.[** Here,
we adopt the form

u=V, u—Vj
l = i+l <e nAV:: +e anE,> (15)

T Ty T

The relaxation time contains two exponential winds for activa-
tion and deactivation, as shown in Figure 9a,b.[*] It has a kinetic
constant 7, onset parameter V,, and ideality factor n,, and deac-
tivation voltage V, with ideality factor ny,. The parameters n,, ny
make the activation and deactivation wings of the relaxation time
more or less steep. These parameters satisfy the constraint

S (16)
LONEER G

The peak of the relaxation time is at the voltage

V V
Ve, =-2+-2 (17)
Ny Pp

The form in Figure 9a is flattened to the limiting value 7.

4.2. Interpretation of the Relaxation Time
The main reference for the features of the relaxation time origi-

nates from HH model for the protein channels in neurons, out-
lined in Equations (7-9).[8%-#] The relaxation times of the gating
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Figure 8. Hysteresis in the CALM model. a) Current voltage curve (purple) indicating the low conductance branch (cyan). b,c,e,f) Hysteresis in | —=V
curves and memory variable x under sinusoidal stimulation u = Uy sin(Qt) at amplitude Uy = 1.5 V and different frequencies: Blue line f, = 0.2 Hz,
b,c) orange line fo = 4 Hz e,f). b,e) Current—voltage loops. The dashed line is the first cycle, and the straight lines are the dc (purple) and low (cyan)
conductance. c,f) x-variable loops, indicating the xq (green) and relaxation time (brown). Initial condition Vo = 0, xo = 0 (blue), x o = 0.6 (orange). d)
The cord resistance evolution for f, = 0.2 Hz. Model parameters g = 0.1uS, gy = 1uS, Vi, = 0.1V, 7= Tms, 1y = 1ms, Vg, = 05V, V, =

1V, ny =2, Vg, = =1V, and np = 2.

variables—rz,, 7}, and 7,—are a mathematical reflection of the
physical speed at which channel gates respond to voltage. They
establish the characteristic timescales over which ion channel
gates respond to changes in membrane voltage and they explain
how a neuron times and regulates the phases of an action poten-
tial.

These relaxation times are strongly voltage-dependent and ex-
hibit a distinct nonlinear, inverted U-shaped profile, with a max-
imum (slowest response) near a particular voltage, as shown
in Figure 10, and exponentially decreasing at voltages further
away from this point. Mechanistically, this means that channel
gates respond most slowly around specific voltages—typically
near the threshold for action potential initiation—while becom-
ing increasingly fast at hyperpolarized or highly depolarized ex-

Adv. Electron. Mater. 2025, 11, 2400903 2400903 (11 of 28)

tremes. This behavior results from the underlying exponential
voltage dependence of the opening and closing rate constants a,
p, which govern the probability transitions of channel states. The
transition rates of each type of channel become apparent if we

write the relaxation equation as(*!
dx
ikl () (1 —x)—p, (u)x (18)

Comparing Equations (13) and (18), it follows that the relax-
ation time is

n )= (19)

© 2025 The Author(s). Advanced Electronic Materials published by Wiley-VCH GmbH

9509017 SUOWWOD dAIERID jeotjdde auyy Aq peusenoB a2 safole O ‘88N 40 S9INJ 10) Afeiqi8UIUO A1 UO (SUONIPUOD-pUE-SUISYW0D A3 1M Aleq1pujuo//sdiy) SUONIPUOD pue swi | 81 89S *[9202/T0/02] Uo Areiqiauliuo A8 |iM enusfe A 8@ edludslijod BeIsBAIUN A E06001202 WBe/Z00T OT/I0p/W0d A | im Aleiq1puljuo pesueapey/sdiy Woiy pepeojumoa ‘T ‘5202 ‘X09T66TZ


http://www.advancedsciencenews.com
http://www.advelectronicmat.de

ADVANCED
SCIENCE NEWS

ADVANCED
ELECTRONIC
MATERIALS

Open Access,

www.advancedsciencenews.com

(a)
3t w=1s,na=1,np=2

=5 s,np=1.5,np=2

t (ms)

www.advelectronicmat.de

@
= _q
[@)]
(@)
|
-2
-3

t (ms)

Figure 9. a,b) Relaxation time in the CALM model with different parameters as indicated. c,d) Time transient of x to the target voltage indicated. Model
parametersg = 0.1uS, gy = 1uS, V,, = 0.1V, 7g= Tms, 7y = Tms, Vg, = 05V, Vo= 07V, ny =2, Vg, = 0V, and np = 3.

with the detailed balance condition

% _ elv=V:) / Vi (20)

T

The detailed relaxation properties depend on selectivity, con-
ductance, voltage-dependent activation, and fast inactivation of
the protein sodium and potassium channels proteins.[®]

In the case of artificial nanopores and nanochannels the cause
for rectification arises from the asymmetry in the geometry of
the nanopore and/or the distribution of surface charges and their
polarities along the sidewalls of the nanopore.l*] The voltage-
dependent relaxation time of these systems can be modeled con-
sidering the current flow required to change the charge density
inside the pore.l°%’] The relaxation time can be considerably en-
hanced by using gel electrolytes.[%]

10
8
6
4
~
2
0
2

~450-100 -50 0 50 100 150
u (mV)

The form of the relaxation time can be investigated by voltage
steps, as the 7, (u) is given by the switching time at each voltage.
To view this special property of the CALM models, consider a
voltage step from V|, to V;, with associated equilibrium values
X, %,. Equation (13) can be readily integrated with the result

x (1) =x 4 (% —x,) e/ (21)

There is an exponential time dependence, with the characteris-
tictime 7, = 7, (V;) associated to the target voltage. This produces
an exponential rise in the case x; > x,, and exponential decay
when x, > x;, as shown in Figure 9c. The current rise time de-
creases when the final voltage is larger, according to the property
of the relaxation time, as illustrated in Figure 9d. These features
are well observed in Figure 11a.°) and temperature activation of

1.0
0.8
0.6
0.4

(b)
A
/
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Figure 10. Relaxation times in Hodgkin—Huxley model. a) Linear and b) vertical log scale.
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Figure 11. Representative examples of operations on a 50 nm Ag/10 nm SiO, /30 nm Pt device. In all plots, the left y axis is referred to the applied voltage
(gray regions), the right y axis is referred to the current flowing through the device (red line). a) Response to single voltage pulse, with indication of the
delay time, tp, after which the device switches from HRS to LRS and relaxation time, tz, defining the time—after withdrawing the pulse voltage—at which
the device returns to HRS (pulse width t,=0.75 ms, pulse voltage, V,, = 0.9 V). b) Representative indication of wake-up phase in which a few pulses must
be accumulated before the switching to occur (t, = 1 ms, V,= 0.5V, interval, t;= 0.5 ms). c) Representative example of stochastic switching (t, = 10
ps, V, = 1.1V, t; = 0.5 ms). d) Representative example of cumulative switching: in a first phase the current increases from pulse to pulse (accumulative
effect); in a second phase the current eventually stabilizes to a constant average current value (t,= = 1ms, V,= 0.7 V, t; = 0.5 ms). Reproduced with
permission from under the terms of the Creative Commons Attribution (CC BY 4.0) license.l?’]

the relaxation time has been presented as well.['%]

The relaxation time is a strong function of the voltage in two-
terminal resistance switches and analog memristors based on
ionic motion,[224101-103] Tt ig generally observed that the electro-
chemical processes for filament formation, including nucleation,
charge transfer, and mixed charge/ion drift, produces exponen-
tial voltage-time relationship.l'%! As follows from the previous
discussion, the relaxation time is directly related to the switching
time, that has been amply investigated in solid state memristors.
An overview of the switching dependence on voltage in solid state
memristors® shows an exponential relationship between the
time required to switch the device and the applied pulse ampli-
tude, corresponding to the general property outlined in Figure 9.

5. Hysteresis

The standard analysis of memristors uses the cycling of current—
voltage curves at different frequencies (or triangular voltage
ramps, as in cyclic voltammetry).['%-197] The resistive switching
effect creates large hysteresis loops in the set and reset processes
that are highly informative for the synaptical memory change as
we discuss in the following.

Adv. Electron. Mater. 2025, 11, 2400903 2400903 (13 of 28)

5.1. Inductive and Capacitive Cycling Curves

To view hysteresis effects, the voltage u is swept at amplitude U,
constant angular frequency Q, and frequency f, = Q. /2 as fol-
lows

u = U, sin (Q;t) (22)

The results are shown in Figure 8b—f. Figure 8b—e shows the
[-V curves at two different frequencies: slow (blue) and fast (or-
ange), respectively, for the system of Figure 8a. In the blue curve,
when the voltage starts to increase, the transition from the low to
the high conductance line occurs, which is associated with resis-
tive switching. This is an effect of the evolution of the memory
conductance variable shown in Figure 8c. In Figure 8b, at first
the conductance stays at the low value x = 0, but once V> V,_,
and when the relaxation time becomes short, it transitions to the
value 1, with the associated large conductance g;.

This x = 1 is the value in the first part of the return cycle,
so that the current follows the high conductance line. But below
the onset voltage Vy, = 0.5V of x,,, the high conductance does
not exist, hence the x must decay to zero (again the rapidity is
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Figure 12. Scheme of the types of hysteresis, and the related impedance and transient current response.

controlled by the relaxation time), and then it stays at the low
value x = 0. The orange curve in Figure 8e is obtained by cycling
the system at a higher frequency. The stationary cycles of positive
current lie below the line of high conductance, which cannot be
achieved at this cycling rate. This is confirmed by Figure 8f, which
shows that the x < 1 in this case.

In Figure 8b, the [-V curve makes a self-crossing at the ori-
gin. It is counterclockwise at V > 0, and clockwise at V < 0.
These domains have been termed “inductive” (V > 0) and “ca-
pacitive” (V < 0) in a general assessment of hysteresis in mem-
ristors and chemical inductors.!'®®] This denomination is due to
the different behaviors of the impedance response, and the tran-
sient response, explained in general terms in Figure 12. The ca-
pacitive (Figure 12a) and inductive (Figure 12b) domains of hys-
teresis have been amply discussed in specific systems using the
frequency-domain method of impedance spectroscopy.[**109-111]
The CALM model of Equations (10-14) leads to the equivalent
circuit of Figure 1e,° which produces the required synaptic
properties.!®] The current transients consist on a rise for the in-
ductive process, and a decay for the capacitive process, as shown
in Figure 9¢.[*!

One example to confirm the basic inductive-capacitive di-
chotomy is shown in Figure 13.[!12] The impedance (well repre-
sented by the model as in Figure 1e).””] measured at positive

Adv. Electron. Mater. 2025, 11, 2400903 2400903 (14 of 28)

voltages shows a clear inductor loop at low frequencies, while
the impedance measured at negative voltages shows a capacitive
response. In both cases, there is a membrane capacitance C,
response at high frequency, and it must be noted that the low-
frequency capacitive response at negative voltage arises from the
same mechanism that produces the chemical inductor. There-
fore, both the inductor and capacitor arise from the conduction
current in Equation (12), combined with the relaxation effect in
Equation (13). In this sense, the conductance-activated models,
such as the CALM model, go beyond the basic properties of the
chemical inductor.*] In fact, the inductor becomes negative and
transforms into a positive capacitance.[*!

In more complex systems, the transition from capacitive to
inductive hysteresis may occur at a higher voltage, as shown in
Figure 2.°0113] This is in agreement with the potentiation and de-
pression occurring at the two sides of the V,; that was mentioned
earlier.

5.2. Switching Criteria
Let us summarize the previous results. The temporal evolution of

the I —V curve under voltage cycling is represented in Figure 8b.
We observe the set process at positive voltage, where the current
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Figure 13. a) Current-voltage curve measured at a frequency of f, = 10 Hz for a multipore membrane in 100 mm KCl solution at neutral pH. The inset
shows the electrochemical cell with the membrane. b) The impedance spectra at different reverse voltages, with the corresponding bode plot of the
imaginary part of the impedance in (c). d,e) are the impedance spectra and bode plots at forward voltage. Adapted with permission.!"?] Copyright 2024,

Elsevier.

increases because the conductance passes g; — gy; (inductive do-
main) and the reset process at the negative voltage, when the sys-
tem returns to the HRS, g;; — g; (capacitive domain).

We would like to emphasize the distinction between the in-
stantaneous “cord” resistance that is defined as!”?!

R = (23)

C
I tot

and the synaptic conductance . Equation (23) is a popular ex-
pression in memristor models instead of Equation (1).''*] The

Adv. Electron. Mater. 2025, 11, 2400903 2400903 (15 of 28)

cord conductance shown in Figure 8d has useful properties!”?!

but it is not highly informative to the change of synaptical func-
tionalities. The evolution of the memory variable cannot be di-
rectly tracked experimentally in the current (which is also influ-
enced by the voltage), and the progression of x is very different
from that of R...

The key approach for a better understanding is that the instan-
taneous synaptic weight o is determined by the evolution of the
variable x. We can summarize the insight to evolution hysteresis
curves in the following statements. The temporal changes of x
are governed by two main factors
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Figure 14. A model with abrupt switching. a,c,e) Hysteresis current-voltage loops under sinusoidal stimulation u = U, sin(€t) . The dashed line is
the first cycle, and the straight lines are the low and high conductance. b,d,f) x-variable loops, indicating the x, (dotted) relaxation time (dashed), at
amplitude Uy = 1.5 V and cycling frequency fo = 0.3 Hz, f = 3 Hz, Initial condition Vy = 0, xo = 0. Model parameters g = 0.1uS, gy = 1uS, V,,
=0.01V, 7p= 1ms, 7y = 1ms, Vo= 1V, ny = 2, Vg, = 0V, np = 2. Blue line a,b): Vg, = 1V, orange line c,d) Vg, = 0.4 V. Dark green line

ef):7g=01ms, ry= 1ms, Vo= 15V, np= 2, Vg, = 1V, np = 2,

(@) The “Thermodynamic Constraint” determined by quasiequi-
librium considerations of the slow curve in Figure 8c: The
transition x = 0 — 1 occurs only when u > V.. Conversely,
the transition x = 1 — 0 occurs only when u < Vy,.

(b) The “Kinetic Constraint” that holds when the system is dis-
placed dynamically by an external stimulus. It is determined
by the relaxation time 7,: The transition x = 0 — 1 and the
transition x = 1 — 0 occur at a velocity determined by 1/,
at the respective voltage.

The criterion A is obvious from the construction of the model.
This criterion has the main origin in the modeling of voltage-gate
ion channels in Hodgkin—Huxley (HH) model. The criterion B,

Adv. Electron. Mater. 2025, 11, 2400903 2400903 (16 of 28)

Ve, = 12V.

also introduced originally in HH, causes hysteresis and a set of
rich dynamical behaviors.

5.3. Abrupt or Gradual Switching

For the application of memristors as synapses, a mul-
tilevel/multistate analog resistive switching is wusually
required, 22243555, 115-117.118-122] 59 mentioned before, rather

than the abrupt switching that is preferred in digital nonvolatile
memory storage applications.l'?’] By the “Kinetic Constraint”
discussed before, the relaxation times, 7,(u), dictate whether
the current transition in a memristor occurs abruptly, as in
digital memristors, or increases gradually, as in an analog-type
memristor.’!] Figure 8 represents the typical gradual analog
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response. Figure 14a—d shows two cases where the steepness
parameter V, is much smaller than in Figure 8, producing an
abrupt rise. In Figure 14a,b, the onset of x and the decay of 7, (1)
occur at the same voltage, and the current rises suddenly in the
inductive cycle when this “threshold” voltage is found. But in
Figure 14c,d, it is Vp, < V, (Equations (14) and (15)) and there
is a domain V3, < V < V, where the current raises slowly, as
the relaxation time is long. When V ~ V, the relaxation time
decays, and occurs the abrupt final switching of the current.
This two-step mechanism has been observed experimentally,!124]
as shown in Figure 15 for halide perovskite memristors with
different buffer layers.

Figure 14e,f shows an example of volatile memristor using
the same CALM model. There is no difference in structure and
materials between volatile and nonvolatile memristors, and both
volatile and nonvolatile properties could be obtained in one de-
vice at different compliance currents.'*] Furthermore both char-
acteristics can be found in the same material by modulating the
gradual resistance change through different device structures or
specifically programmed external stimuli.l'?*] In fact, a type of
memristor can be transformed from volatile to nonvolatile by
modification of the contact*¢12% or chemical treatment.**! In the
case of Figure 15¢, this is achieved by changing the buffer layer.
The modulations between digital (abrupt switching) and analog
(gradual switching) systems, classified by the variation in con-
ductance states, enable the development of versatile multifunc-
tional memristor and synaptic devices. By controlling molecular
dynamics through temperature,['?’! a wide spectrum of mem-
ristor properties—including bipolar, unipolar, nonvolatile, and
volatile behaviors—can be achieved within a single device. This
spectrum also encompasses sharp transitions as well as gradual
analog changes.

Biological neurons generate impulses between 1 and 50 Hz,
and sometimes, during pulses, they can burst to several hun-
dred Hz. Volatile memristors, in particular, are directly applica-
ble for replicating neuron dynamics by defining the leakage time
constant for membrane voltage. Neurons need to integrate spa-
tiotemporal correlations of patterns across many spatial and tem-
poral scales. Neurons in the first layers close to the sensors typi-
cally process small spatial and temporal scales, while neurons in

Adv. Electron. Mater. 2025, 11, 2400903 2400903 (17 of 28)

higher, more abstract layers collect extracted features that range
over larger spatial and temporal scales.['?8] Thus, memristors can
be engineered to provide fast volatile time constants in the range
of few milliseconds for rapid basic feature extraction (like ori-
ented edges in vision or the sound of consonants in audio) to
many-days biometric patterns in biomedical signals.[!?"]

Additionally, it has been recently demonstrated that mem-
ristors with both nonvolatile (long-term plasticity) and volatile
(short-term plasticity) properties have enhanced recognition ca-
pabilities for dynamically changing input stimuli. The non-
volatile component can trigger a first recognition based on a fa-
miliar pattern, while the volatile component aids in maintaining
and tracking the recognition while the stimulus is dynamically
changing.['*"] This generalizes to the metaplasticity concept, with
new devices being presented and applied to more challenging
computational problems!!31:132]

6. Transient Responses and Potentiation

Neuromorphic computation schemes are mainly based on the ef-
fects of trains of voltage pulses (including the concept of a single-
pulse train) that mimic the repetitive action potential that occurs
when a biological neuron fires. A synapse is situated between two
nodes (Figure la) and receives voltage stimulation from spike
trains from both neurons. In essence, a voltage difference acts
on the synapsis element and modifies the x property, which de-
termines the o weight for the next computation step. The dy-
namic variation of the x property, influenced by the properties
of stimuli, such as frequency, duration, amplitude, and synchro-
nization between pre- and postsynaptic neurons, underpins key
biological functions essential for brain-like computation. These
include short-term and long-term plasticity, SRDP, PPF, STDP,
and others, 11232555591 a5 discussed earlier.

To explain these functions, we use the insights obtained in the
previous sections about the cycling and impedance response for
the analysis of the main question, which is the synaptical device
response to consecutive voltage pulses of the same or of different
signs. As shown in Figure 8b,c, we present the results at two si-
multaneous levels. One is the response of the current in the elec-
trical device. The other is the evolution of the memory variable
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Figure 16. Current response to three voltage pulses applied to the CALM model: (AV, AV, —AV). Transient parameters Vo = 0V, AV = 2V, At, =
0.2 ms, At, = 0.05 ms initial condition ug = 0, xq = 0. a) The blue line is the total current, and the dashed magenta line is the equilibrium current
under the applied voltage. Orange line is the conduction current I,y shown in (b). c) Memory variable. Relaxation times: 7, (Vo) = 1ms, 7, (Vo + AV)

= 0.016 ms. The dashed line is the final equilibrium value at V, + AV. Model parameters g =
5uS, and C,

=01V, 7= 1ms, 7y = Tms, Vg, = 05V, np =2, V=1V, g, =

x. As we are using a CALM model in which ¢ = x, the state of
x immediately tells us the evolution of the synaptic weight that
we can use in computation. In other systems, it will always be
possible to measure the transient current, but the tracking of o
could require a read procedure. Otherwise, if the time evolution
of x can be obtained from a suitable dynamical model, the o (x)
can be followed for a required application, for example, by the
addition of various parallel channels as in HH model.

We investigate the response of the CALM model of Equa-
tions (11-15) to a train of voltage pulses (or spikes) that change
the voltage from V, to V;; + AV. The time dependent applied volt-
age is

Vapp () =

Vo+ AV O (t—1t,) 0 (t,+ AL, —t) (24)
in terms of the unit step function 6. The duration of the polar-
ization pulse is At,, and then the original voltage V,,, = V, is
applied during inter -spike time At,. Then, the square stimulus is
repeated.

The results of applying two positive pulses and one negative
pulse are shown in Figure 16a.73%] The blue line is the total cur-
rent I, in Equation (11), and the orange line is the conduction
current in Equation (12).

Immediately after the onset of AV, the capacitor is charged
through the series resistance, which causes a positive spike, i.e.,
the “fast capacitive current.” This spike is inverted when the volt-
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0.1uS, gy = 11S, g, = 2pS, C,, = 0.0110°F V,,

= 0.0510°F.

age pulse is disconnected in Figure 16a. The short capacitive
spikes are clearly observed in Figures 2 and 3.

Thereafter, the inductive mechanism causes a rise in the cur-
rent. It involves the transition between fast and slow conduc-
tion current to a degree x, so the current increases with time,
as discussed in the hysteresis curves. This current rise is as-
sociated with the increase of the memory variable, which de-
termines the device conductance. To illustrate the behavior, in
Figure 16b, we show only the conduction current, which dis-
plays more clearly the increase of the conductance with time dur-
ing the applied pulse, which can also be observed in Figures 2
and 3. In Figure 16c, we show the evolution of the mem-
ory variable x(t). This property controls the effective synaptic
weight.

During the resting time between voltage steps in Figure 16, the
voltage is turned to V = 0, thus the conduction current is forced
to decay to 0. Nevertheless, we can observe in Figure 16D that in
the second step the current starts from a value slightly lower than
the final current in the previous cycle. This is because the evolu-
tion of the memory variable is different from that of the current,
as shown in the plot in Figure 16¢c. We can also observe that a neg-
ative voltage pulse (following the positive pulses) decreases the x
value, in accordance with the hysteresis curves shown in Figure 8,
causing depression. In general, depending on the specific synap-
tic devices’ dynamic equations, one can engineer a specific shape
of spikes to achieve a desired spike-timing-dependent-plasticity
(STDP) learning rule.
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Figure 17. Representation of potentiation in | —V curves. Consecutive
sinusoidal stimulation u = Uy sin(Q,t) in the positive voltage side. a)
Current-voltage loops, the dashed lines are the low and high conductance
lines. b) x-variable loops, at amplitude Uy = 1.5 V and cycling frequency f,
= 5 Hz, Initial condition V5 = 0, xo = 0. Model parameters g, = 0.1 S,
gu=1uS, V,,= 0.1V, 5= Tms, 7yy= Tms, Vg = 0.5V, Vy= 1V,
na=2, Vg= =1V, np= 2.

We have already remarked that the progression of x-variable
indicating the internal conductance is very different from that of
the cord resistance R.. In the voltage pulses of Figure 16b, we
obtain a low current when V ~ 0, but the internal conductivity
can be high, far from the equilibrium value. This is the reason
for using a small read voltage, that reveals the storage of conduc-
tance. Normally, a read operation is performed at a low voltage to
detect the current without perturbing the state. However, we re-
mark that the read operation in x,(V,.,q) may detect a significant
change, depending on the relaxation time and the time at which
the value at V,,4 is read. During hardware-in-the-loop training of
neural networks, it is recommended to perform this read opera-
tion, at least after a time of programming equivalent to its relax-
ation time constant.!133134]

In the case of positive voltage cycling in Figure 17a, the evolu-
tion of the current in potentiation can be similarly obtained.[?325]
By repeating the voltage cycling of Figure 8 only in the positive
voltage side, we obtain a progressive increase of the x variable, as
shown in Figure 17b, since only the inductive stimulus occurs,
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and the depression part of the cycle is not applied. Then we obtain
in Figure 17a the characteristic potentiation I-V curves shown in
Figure 4a.

Based on the analysis of the consecutive transients, we can un-
derstand many potentiation-depression protocols used in the lit-
erature, as in Figures 4 and 5. For example, Figure 18a—d shows
the conduction current and memory variable under trains of volt-
age pulses that differ by the interspike time. The characteristic
response times correspond to nanochannel synapsis as those of
Figure 2.

For the short At, (orange) in Figure 18a, the current raises
to the equilibrium value, but for longer At, (green, (c)), this is
not possible since there is a loss of x during each resting cy-
cle. This is the well-known frequency dependence of the synapse
stimulation,['3°] termed SRDP. The spike-rate-dependent charac-
teristic is similar to that of biological synapses and is attributed to
the temporal interaction between the excitatory postsynaptic cur-
rent (EPSC) and the spike.!®] In Figure 18e-h, we apply another
type of train in which short pulses are followed by a long rest-
ing time. We can find negligible potentiation for long rest time,
Figure 18e,{, or significant potentiation if the rest time is shorter
than the relaxation time, so that decay of x is not complete when
the new pulse arrives, Figure 18g,h. This explains the experimen-
tal observations in Figures 4 and 5.

Another significant property is the variation of the re-
sponse time according to the strength of the stimulation
(potentiation).[3¢] This property is shown in Figure 19a,b. By
making pulses of different target voltage, the relaxation time that
actuates during the polarization time is significantly different. In
the green signal Figure 19a,b, we obtain that the stimulation at
high voltage is completed by the corresponding inductor mecha-
nism at 1 ms, while the orange signal at low voltage takes a longer
time.

The next question we consider is the depression of the synapse.
From the point of view of the memory variable, a large value of x is
removed by applying pulses in the opposite voltage direction.[*!]
This is observed in the hysteresis curves of Figure 8. If we start
from the point at V = 0 with x being low, voltage pulses in the
capacitive region can do nothing, since the x cannot be further
lowered. This is shown in the orange line of Figure 19¢,d. How-
ever, if we start from a large value of x, as in the green line, the
depression process occurs, and the x is lowered according to the
relaxation time.

Based on these properties, we can interpret typical potenti-
ation/depression curves in the literature with reference to the
hysteresis curves. In Figure 2¢,[*0! we observed that the positive
pulses produce potentiation, and then the train of negative pulses
produces depression. However, in Figure 2f, the positive pulses
occur in the capacitive region, in consequence there is no activa-
tion of conductance, and the resulting current does not change,
hence there is no potentiation or depression. But when negative
pulses are applied in Figure 2f, they occur in the inductive region,
and they cause potentiation.

In Figure 20D, the effect of pulses of different duration is com-
pared, by observing the evolution of current as function of the
number of pulses. The short polarization pulse (red) provides
the gradual rise of the current due to the chemical inductor ef-
fect. However, for the longer pulse (blue) the activation of the
inductor is completed within one pulse, and the pulses provide a
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Figure 18. Current (left) and memory (right) variable in response to a train of 50 voltage pulses. a-d) Transient parameters Vo = 0V, AV = 1V, At,
= 0.1 ms, and the two cases: A t, = 0.1 ms (green), a,b) A t, = 0.01 ms (orange). c,d) The blue line is the final equilibrium value of the current at V,, +
AV. Model parameters g, = 0.1uS, gq= 1uS, Vi, = 0.1V, 7g= 1ms, 7y= 1ms, Vg, = 0.5V, ny=2, Vo= 1V, g.= 58S, C,, = 0.05107°F.
Initial condition Vo = 0, xo = 0. Relaxation times: 7, (Vo) = 1ms, 7, (Vo + AV) = 0.016 ms. e-h) Transient parameters Vo = 0V, AV = 1.5V, Aty
= 0.01 ms, and the two cases: A t, = 0.5 ms e,f orange), At, = 0.05 ms g,h green). Model parameters g = 0.1uS, gy = 1S, V,, = 0.1V, 74 =
Tms, 7y= 1ms, Vg, = 05V, ny=2, Vo= 1V, g.= 5uS, C,, = 0.05107° F . Initial condition uy = 0, xy = 0. Relaxation times: 7, (Vo) = 1ms,

7y (Vo +AV) = 0.016 ms.

constant current. In the depression voltage side, the removal of
the current is completed in the first pulse, and thereafter there
is no further response. Figure 20d shows the resultant PPF re-
sponse of the same system.

Learning-forgetting-relearning behaviors can be imple-
mented by controlling these voltage pulses with varied time
intervals.['¥”138] Learning-relearning process can be obtained
by applying the subsequent pulses before the complete decay
of the pre-pulses, where the relearning process is faster than
learning with a smaller number of pulses. On the other hand,
the Ebbinghaus forgetting nature can be shown in the case of
less rehearsed or less exposed information, which is caused
by the fast decay. So, the different time scales and pulses
control is important to mimic real human brain cognition
system.

Dynamic properties of synapses can indeed be very helpful
at system level to make computations more efficient. For exam-

Adv. Electron. Mater. 2025, 11, 2400903 2400903 (20 of 28)

ple, recently there has been a trend in training not only synap-
tic weights in multilayer neural networks, but also train a delay
for each synapse.[3*1%%1 This results in smaller networks with
the same computational performance. Hardware implementa-
tions of synapses with dynamic properties have been shown to
be successful for the realization of self-learning large-size at-
tractor networks comprising up to 256 neurons with 128k dy-
namic synapses.["*!l Complex dynamical synapses hardware re-
alizations have also been demonstrated for building soft winner-
takes-all decision networks.['*?] Smaller networks of four neu-
rons with synapses capable of reproducing the response prop-
erties of five different types of chemical synapses, including
both excitatory (AMPA, NMDA) and inhibitory (GABA,, GABA,
glycine) ionotropic, have been demonstrated to provide greater
flexibility for the design and implementation of biologically real-
istic neural networks with energy-efficient population codes on
neuromorphic chips.!14?]
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in response to a train of 30 pulses. Transient parameters Vo= 0V, A t,= At = 0.1ms, and the two cases: AV = 1.5 V (green), AV = 0.5 V (orange).
The dashed line is the final equilibrium value at Vi, + AV. Model parameters g = 0.1uS, gy = 1uS, V,, = 0.1V, 75= 1ms, ty = 1ms, Vg, = 05V,
ny=2, Vo= 1V, g, = 5pS, C,, = 0.05107° F. Initial condition uy = 0, x, = 0. Relaxation times: 7, (1.5 V) = 0.92 ms, 7, (0.5 V) = 0.076 ms. c)
Current and d) memory variable in response to a train of 30 voltage pulses. Transient parameters Vo= 0V, AV = —0.5V, At , = At = 0.1 ms, and
the two cases of initial condition ug = 0, x, = 0 (orange) and uy = 0.91, x, = 0.98 (green), indicated by dots. AV = 1.5 V (green), (orange). Model
parameters g = 0.1uS, gy = TuS, Vi, = 0.1V, o= 1ms, 7y = Tms, Vg, = 05V, ny=2, Vo= 1V, g, = 5S, C,, = 0.05107°F.
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Figure 20. a) Schematic picture of a biological synapse with spikes with a resting time At. b) The measured current of a single polymer nanopore under
periodic spikes for the SRDP process in adaptive Hebbian learning. c) The conductance switches under positive and negative spikes. d) Paired-pulse
facilitation decreases as the time interval between voltage spikes increases and matches well with an exponential fitting. Reproduced from licensed under
a Creative Commons Attribution (CC BY 4.0) license.[*C]
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7. Model Limitations and Extensions

The CALM model (Equations (11-13)) applies to very broad
classes of memristors, and the utility is demonstrated recently
in a variety of synaptic materials and devices.!*#9-92] 1t is justi-
fied if the concentration of ionic defects forming a filament is
proportional to the conductivity.!?*]

The model is, however, not general, as there may be
other types of memory variables, with nonlinear x-adaptation
functions.l714314] We have mentioned that HH model contains
the quasilinear properties of the CALM model in the x-variables
relaxation Equations (7-9). However, in HH model the state vari-
able is not the conductivity, in fact as observed in Equation (6) the
model is described by 3 state variables that determine the conduc-
tances of two currents in parallel, for the sodium and potassium
channels, and furthermore the conductances are not x-linear, as
observed in Equation (6). In fact Hodgkin and Huxley*® found
very different forms of short and long time behavior of transient
curves: a simple exponential decay in repolarization, but a de-
layed increase in depolarization. They thus proposed that the
potassium conductance is proportional to a power of a variable
that obeys a first-order equation. Thus the quasilinear relaxation
property persists, and each variable relaxes independently, so that
each obeys Equation (21). The transient ionic currents of bio-
logical neurons have been amply investigated to elucidate these
properties.[8214]

In a classification scheme,['**) memristors and neuron ele-
ments are attributed an order that corresponds to the number
of differential equations required to describe them. However, we
have seen that other properties such as the linearity of the relax-
ation equations have a great influence on the complexity of the
response. One example is the synaptical model of Equations (11)
and (13). It contains two differential equations, for the variables
(4, x), however the capacitive term in Equation (11) is a spec-
tator for the synapsis response, as we remarked in Figure 16,
hence only one differential equation describes well the synaptical
function, which is comprised by the model (12, 13). On the other
hand, neuron oscillators can be also described by Equations (11)
and (13), provided that one of the variables contains a negative
resistance. In oscillator memristors, however, the two differen-
tial equations are essential, since they are the minimal number
required for a Hopf bifurcation.!*7:%]

Besides augmenting the number of states variables, another
cause of dynamical complexity is their interdependence. When
two states variables are interlinked it is possible to obtain a Hopf
bifurcation by a dynamical negative resistance.['*’] Another ex-
ample is obtained by using two coupled state variables that pro-
duce synapse adaptation.['*®] The presence of coupled state vari-
ables in memristor models enables the emulation of biologi-
cal phenomena such as metaplasticity, activity-dependent thresh-
olds, and triplet- or quadruplet-based learning rules.[1%1%] These
are key aspects of the Bienenstock—Cooper-Munro (BCM) learn-
ing rule, %] described before, in which low-frequency stimu-
lus leads to depression, while high-frequency stimulus leads to
potentiation. One solution to obtain these effects is to comple-
ment the dynamical relaxation equation for x with additional
equations that indicate variable thresholds adapting to both LTP
and LTD), which reproduces the refractory time in the weight
modification.!'>!
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8. Different Physical Stimulations

The input-output signals applied to the bio-inspired memristors
to induce the learning and memorizing/forgetting processes are
reported not only for the electrical signals but also for other phys-
ical stimuli. In particular, the optical stimuli, such as the light
of a specific wavelength band, which stimulates the device dur-
ing the stimuli that cause the change of conductance, is an ex-
ample in Figure 21. The input-output physical stimulation to in-
duce the potentiation and depression processes combining light
and electrical signals can be classified into four typical categories
depending on which process the electrical and optical stimuli
are given: 1) input (electrical signal)-output (electrical signal),
2) input (electrical signal)—output (optical signal), 3) input (opti-
cal signal)—output (electrical signal), and 4) input (optical signal)—
output (optical signal).*>3]

To implement artificial synapses, the first category that stimu-
lates both input and output signals with electrical signals is the
most reported form and can be seen in many of the examples
we have previously described here (Figures 2-5). Synaptic devices
powered by electrical stimulus show relatively easy drive controls,
but face issues such as switching speed. To solve these issues,
the external optical signal was presented to the device alone or in
conjunction with the external electrical stimulation.

The second or third category using optical stimulation for ei-
ther input or output signals has recently been attempted in var-
ious ways in memristors using photoactive materials such as
perovskites,['> semiconductor materials,!'*! 2D materials,[**°]
QD materials,!'”] etc. This is because optical stimulations pro-
vide complementary points, such as low power consumption, low
crosstalk in the integrated systems, various bandwidths, and fast
response speed with light irradiation intensity, time, and light
pulse control.[1®] The combination of electrical and optical stim-
ulation of synapses can be used for schemes of associative learn-
ing and latent inhibition.[*>%)

One step further from this, devices that lead all the in-
put/output sources for the learning-memorizing/forgetting pro-
cess to optical stimulation are developing despite their limi-
tations in bidirectional positive-negative spikes and large-scale
which are challenging to control because they have advantages,
such as signal transmission speed, similar mimicking system
with a human brain, and unnecessary circuit reduction.[152153:1%]
For this, the last category, all-optical synapses, has also been
reported in such a way as using specific material with the
flexibility of the wavelength band required for input/output or
using an interference system that can use an optional wave-
length band.['®] For achieving all-optical input-output neu-
romorphic systems, various materials with optical reactive
properties, such as photoluminescence, 2! photochromism, ']
photorefraction,['®?] etc., are reported.

In addition to the electrical stimulation for the conductance
change that we explained in the preceding sections, the ba-
sic principles that operate synaptical systems do not deviate
much from the basic principles that cause potentiation and
depression in other physical stimuli, such as optical stimula-
tions. For example in Figure 21b, the trapped carrier density
in a perovskite crystal is the x — property, and it can be ob-
served that the memory property persists when the photolu-
minescence has vanished,!®21%3] as the response to a further
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Figure 21. Synaptic functions in various optically synaptic devices. a) Bi,O,Se/graphene optoelectronic synapse with optical stimuli administered at
wavelengths of 635 and 365 nm to emulate excitatory and inhibitory behaviors, respectively. Biological synaptic characteristics, such as EPSC, IPSC, LTP,
and LTD according to illumination duration time, time interval, frequency, etc. Reproduced with permission.['>] Copyright 2020, John Wiley and Sons.
b) General mechanism and demonstration of the short-term memory in the CsPbBr; thin film memlumor (memory + luminophore). Time correlated
single photon counting (TCSPC) photoluminescence (PL) response (red) to a Write burst consisted of 40 pulses separated by 50 ns (pulse fluence
1.6 nj cm~2) followed by one reading pulse after 1 ps delay (laser pulses shown by blue). Reproduced with permission.['>2] Copyright 2024, American
Chemical Society. c) Excitatory (blue) and inhibitory (red) synaptic behaviors with control light of 405 nm and signal light of 1310 nm in CsPbBr; single
crystal-based artificial synapse device. Reproduced with permission.[*3] Copyright 2024, John Wiley and Sons.
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Figure 22. Various physical stimulated synaptic devices. a) ZnO micro/nanowire-based photonic synapse using the piezo-phototronic effect. Reproduced
with permission from Reproduced from licensed under a Creative Commons Attribution (CC BY 4.0) license.l'®*] Copyright the authors. b) Impulse
simulation response of neuronal circuits of Bi,SE;-based memristor simulated with oscillation characteristics of the thermoreceptor in response to
various values of resistance and threshold voltage in neuron circuit. Reproduced with permission from licensed under a Creative Commons Attribution
(CC BY 4.0) license.["6%] Copyright. c) Schematic synaptic memristor with MgO based magnetic tunnel junction with the domain wall in the FeB free
layer. Reproduced with permission from licensed under a Creative Commons Attribution (CC BY 4.0) license. Copyright the authors.[16]
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pulse when x > 0 is much higher than the initial response
when x = 0.

The systems through these optical stimulations have a rather
complex response, such as light interference, scattering, reflec-
tion, etc., but basically induce synaptic weight changes by going
through processes, such as overlapping and reflection, depend-
ing on the intensity of the optical source, the irradiation time,
and the time interval, as shown in Figure 21.

Recently, optical synapses have also been implemented in in-
tegrated systems using photonic optical circuits, where conduc-
tance changes are realized through photoexcited trap occupa-
tion or light-induced phase transitions in chalcogenide or per-
ovskite materials. In particular, integrated optical memristors
built with waveguide-coupled phase-change materials enable lo-
cal synaptic processing and ultrafast, high-bandwidth communi-
cation through refractive index modulation.!'**1¢7] These devices
have demonstrated high-density integration and low crosstalk,
suitable for large-scale optical neuromorphic networks.

Beyond optical inputs, other physical stimuli—including me-
chanical pressure, temperature, humidity, and magnetic fields,
etc.,—have also been shown to modulate the synaptic behavior
in memristive devices in Figure 22. Pressure-sensitive memris-
tors, typically based on piezoelectric or flexible oxide layers, ex-
hibit conductance change due to strain-induced lattice deforma-
tion or bandgap modulation (Figure 22a).'641%8] Similarly, ther-
mal stimuli can enhance ionic mobility, accelerating conductive
filament formation or vacancies redistribution in oxide-based de-
vices (Figure 22b).1'%] Magnetic field-responsive synapses, often
utilizing magneto-resistive or spintronic structures, enable mod-
ulation of resistance states via spin-polarized current or domain
wall motion (Figure 22c).[166:169]

These physical effects provide distinct internal mechanisms,
such as light-induced properties, phase transitions, ionic drift,
piezoelectric strain, or spin transport, that that can be lever-
aged to mimic diverse synaptic dynamics. Integrating such multi-
modal stimuli into artificial synaptic architectures enhances com-
putational richness and allows for biologically inspired functions
like sensory fusion and adaptive control. Thus, integrating dif-
ferent physical inputs into synaptic device operations not only
improves synaptic functionality but also accesses new computa-
tional mechanisms such as environmental response learning and
adaptive sensory-motor coupling. From a physical proposal point
of view, our synapse review here shows the possibility that it can
be extended to various physical stimulations as well.

9. Discussion

We have shown that the synaptic response can be described by the
combination of two factors: 1) a conduction process that depends
on an internal state variable, 2) the x — variable is affected by rec-
tification at an onset voltage and memory (delay of response with
respect to stimulus) effects. These properties impart an intrinsic
chemical inductor mechanism that is responsible for the poten-
tiation phenomenon. The velocity of potentiation, i.e., the time
change of x, is determined by the system’s relaxation time, which
can change orders of magnitude, modifying the response to volt-
age and frequency.l”’] The “analog” memristor that shows grad-
ual potentiation according to the hysteresis curves in Figure 8,
and the “abrupt” resistive switching memristor of Figure 14, are
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both characterized by the same CALM model, but in the latter
case the 7, changes suddenly at a threshold voltage, while in the
former a diversity of hysteresis curves can be observed.!!

Our discussion provides a broad view of synaptic phenom-
ena for systems that are controlled by a single internal vari-
able that governs the system’s conductance. The basic poten-
tiation/depression cycles can be interpreted based on the hys-
teresis response of current-voltage curves. Furthermore, the x
— linearity property, provides a direct interpretation of the de-
vice switching times in terms of the internal relaxation time
function.

One can use more advanced models and microscopic simu-
lations involving physical equations adapted to the specific sit-
uation. However, such general models must include the central
traits that we have explained, and it is useful to address the spe-
cific components of the physical models, particularly concerning
relaxation time properties. Obtaining a physical interpretation of
the memory variable x, related to filamentary formation, ionic
valence change, interface barrier lowering, etc., is an important
complementary study. The general effects we have described can
arise not only from ionic redistribution, but also from electronic
trapping(''!l and in light-induced systems.

This model may be extended in several directions to describe
different realistic situations. One can consider the combination
of memristors in series, parallel, etc. that produces more complex
responses, 7% including the complementary memristor obtained
by antiserial connection!!’] that shows capacitive cycles at both
polarities, and the operation of logic gates.['%*1*43] Another impor-
tant extension is developing models that couple several memory
variables that display more complex dynamics to encompass the
situations where the basic parameters evolve with time, as in the
BCM learning rule.

10. Conclusion

The essential characteristics that lead to the dynamical fea-
tures producing the learning and forgetting features of arti-
ficial synapse devices have been described. It is based on a
conductance system in which the high conductance is acti-
vated by a memory variable that lags the applied stimulus.
Therefore, the hysteresis curves at different cycling rates reveal
the essential properties of potentiation and depression in the
system.

When it comes to implement physical neuromorphic chips ca-
pable of both nonvolatile as well as volatile capabilities, the main
challenge is to control independently the parameters for both ca-
pabilities. With new memristors being reported in the recent lit-
erature featuring both capabilities, it will be necessary to have
a good understanding of parameter interdependencies to better
engineer the corresponding artificial synapses. In this sense, a
unified model as presented here can help in better simulating
scaled-up systems and analyzing the impact of low-level parame-
ters on system-level performance.
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