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ABSTRACT

Human brain is capable of optimizing information flow and processing without energy-intensive data shuttling between processor and
memory. At the core of this unique capability are billions of neurons connected through trillions of synapses—basic processing units of
the brain. The action potentials or “spikes” based temporal processing using the regulated flow of ions across ion channels in neuron cells
allows sparse and efficient transmission of data in the brain. Emerging systems based on confined fluidic systems have provided a frame-
work for a new type of neuromorphic computing with lower energy consumption, hardware-level plasticity, and multiple information car-
riers that emulate natural processes and mechanisms of human brain. These systems mimic neuronal architectures by harnessing and
modulating ion transport along artificial channels. The spikes-induced ion-to-surface interactions within these fluidic systems enables the
control of ionic conductivity to achieve synaptic plasticity for the realization of brain-inspired functionalities such as memory effect and
signal transmission. Herein, this review provides an overview of recent advances in fluidic devices such as memristors and other comput-
ing components, covering their basic operations, materials and architectures, as well as applications in neuromorphic computing. The
review concludes with a brief outline of the challenges that these emerging technologies face and an outlook for the development of
fluidic-based brain-inspired computing.
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I. INTRODUCTION

Artificial intelligence (AI) technologies have seamlessly integrated
into everyday life, from personalized content recommendations on
streaming platforms to virtual assistants and facile recognition on
smart devices.1 The use of brain-inspired algorithms such as artificial
neural networks have demonstrated exceptional success in machine
learning, having a transformative impact across various sectors such as
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medical diagnosis, security, robotics, and the Internet of Things.2–4 It
is undeniable that AI will reshape the future of manufacturing, health-
care, navigation, and transportation. However, these advances will
require critical advances in the performance of current electronic devi-
ces—to meet the exponentially growing demand of computation capa-
bility to perform data-driven decision-making tasks.4

Although machine learning algorithms based on neural networks
offer a more energy efficient approach to process information in a dis-
tributed and adaptive fashion, they are typically realized using conven-
tional von Neumann computing architectures, which suffer from
processing limitations and excessive power consumption.4,5 To over-
come the von Neumann bottleneck, new devices and computing prin-
ciples have been devised for circumventing the intrinsic constraints of
conventional computing technology and the physical limits of Moore’s
law.6 Of all these, the emergence of neuromorphic computing inspired
by the brain’s architecture—a biological circuit composed of neurons
interconnected by synapses that implement memory in situ and in a
nonvolatile manner—has shown promising results to address the
shortcomings of conventional computation.7 In the brain, information
processing occurs inside neuron somas via analog computation,
whereas neurons communicate with each other via binary voltage
spikes.7 By emulating neurons and synapses, neuromorphic engineer-
ing aims to gaining speed and energy efficiency to performing complex
computation tasks through massively distributed and parallel memory
and computation elements.8 Current neuromorphic computing mostly
uses conventional electronic materials, in particular, silicon-based
complementary metal–oxide–semiconductor (CMOS) spiking neural
networks. The practical applicability of these systems has been demon-
strated by IBM’s NorthPole and TrueNorth chips, SynSense’s
XYLOTM and SPECKTM, and Intel Corporation’s Hala Point.9–15

Despite these outstanding achievements, the potential of neuromor-
phic electronics based on CMOS technology to truly mimic the capa-
bility of the brain is limited due to its scalability, fan-out issues, and
two–dimensional interconnectivity.7 This has prompted the expansion
of neuromorphic computing into the field of photonics and nanoflui-
dics.16–18 Photonics or optoelectronic neuromorphic systems have spe-
cific advantages such as wide bandwidth, increased data transport, and
excellent interconnect with negligible resistor-capacitor delay and
power loss. However, they require complicated wavelength conversion,
sophisticated laser systems, and high optical power for all-optical non-
linear transfer functions, suggesting a complex and costly fabrication

process.19 Unlike optoelectronic and electronic computing, which use
photons and electrons–holes as information carriers, respectively,
fluidic-based neuromorphic computing harnesses ions in electrolyte
solutions to imitate the brain’s operating mechanism. Inspired by the
parallel transport of various ionic and molecular species in aqueous
environment in the brain’s synapses, as depicted in Fig. 1(a), the con-
trol of ionic flow across biomimicking nanopores makes it possible to
realize brain functionalities, i.e., synaptic plasticity and chemical regu-
lation.18,20 The benefits of using ions as transporters in neuromorphic
computing are fourfold: (i) abundant chemical information in ionic
currents due to the coexisting of a wide variety of freely moving ions;
(ii) versatile chemical properties that make it possible to tailor specific
chemical interactions similar to that of ligand–gated ion channels in
neurons; (iii) connection between hardware and neurons via both elec-
trical and chemical communications; and (iv) robustness to electrical
and magnetic interferences.21,22 The unique characteristics of ions offer
the possibility of producing highly parallel computing devices with
complex neuromorphic functions whereas requiring less circuit com-
plexity and energy consumption using a fluidic approach. The trans-
port phenomena of charged ionic species across fluidic systems as a
result of interfacial interactions and spatial confinement enables these
bioinspired architectures to operate as synthetic neurosynaptic devi-
ces.23,24 These ion-controlled systems are usually in the form of micro-
meter and nanometer sized channels and pores composed of silica,
anodic alumina, polymers, and glass, where their structural and chemi-
cal properties can be engineered for the precise modulation of ionic
flow and the concomitant current signals.25 This unique approach ena-
bles unique transport behaviors associated with ion concentration
polarization,26 ion adsorption on channel walls,27 movement of liq-
uid–liquid interface,28 variation in ion aggregation states,29 and switch-
ing of ion channels.30 These differential advantages make fluidic
systems a powerful approach to realize true synaptic plasticity through
distinct ionic conducting properties.31 Therefore, they can behave as
memristors with memory effect, or iontronic components with the
ability of ion gating such as diodes that rectify ionic flow, for the devel-
opment of fluidic neuromorphic systems based on layered neural net-
works or reservoir computing [Fig. 1(b)].32

In this context, this review compiles the recent advances on
fluidic-based memristors and other iontronic components, focusing
on three main aspects: (i) fundamental operations; (ii) materials and
architectures; and (iii) recent advances in neuromorphic computing

FIG. 1. Neuromorphic computing inspired by biological neural systems. (a) Illustration of the generation and transmission of signals using ions in synapses and ion channels in
the brain. (b) Bioinspired ion-based computing based on neural network using fluidic memristors and other fluidic components.
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with representative examples. This review concludes with a general
overview and a prospective outlook on the future development of
brain-inspired fluidic-based computing.

II. FLUIDIC MEMRISTORS
A. Fundamental principles

Inspired by the human brain functions such as processing and
memory units based on analog signals, analog in-memory computing
can be realized by memristors—resistive systems with inherent mem-
ory.33 A memristor is basically a two terminal structure constituting
two electrodes that deliver and receive electrical signals with a storage
layer in between, as described in Fig. 2(a). The dynamic reconfigura-
tion of the storage layer in response to electrical stimulation, as illus-
trated in Fig. 2(b), results in memory effects, in which the internal
resistance state can be retained according to the history of applied volt-
age (Vapp) and current.6,34 A memristor is capable of mimicking syn-
aptic and neural functions while integrating memory and logic
operations in a single unit.35 Fluidic memristive systems have been
developed by adapting the working mechanism of synapses, which use
ions moving in fluids to carry and store information in detection of
chemical and electrical signals.20,21 Analogous to the transport of neu-
rotransmitters in synapses triggered by spike-form synaptic events that
induce a change in synaptic weight, spike-form electrical pulses cause
an alteration of the conductivity of the memristor due to the variation
in the directional movement of ions in its fluidic matrix.36

The history-dependent properties of a fluidic memristor are asso-
ciated with the differences in the kinetics between the applied potential
sweep and its corresponding ion transport behavior.37,38 The ion trans-
port of a fluidic memristor is characterized by its I–V curve, which fea-
tures a hysteresis loop that is pinched at a cross-point potential under
a bipolar voltage sweep, as depicted in Fig. 2(c).32,39 The cross-point
potential denotes the transition between high and low conductivity
states, where there is a balance between bias potential and average sur-
face potential.26,39 The current amplitude under a forward potential
scan from low to high conduction states is lower than that of backward
scan from high to low conduction states.26 Under biases that are more
negative than the cross-point potential, the hysteresis that occurs at
low conduction state corresponds to a normal capacitive behavior and
a positive phase shift of current. The hysteresis at high conduction
state shows a negative phase shift of current responses in correlation to
the applied scanning potential waveform, hence revealing a negative

capacitance or an inductive behavior.37 The difference between for-
ward and backward current reflects ion transport hysteresis and its
residual charges quantification based on the integration of change in
current over a time duration determines the hysteresis ionic enrich-
ment and depletion dynamics.26,40 Generally, the hysteresis effects in
nanopores can be described by the Hodgkin and Huxley (HH)-
inspired model, which consists of the following equations:

Itot uð Þ ¼ ½gL þ gH � gLð Þx� u� Eoð Þ; (1)

sk uð Þ dx
dt

¼ xeq uð Þ � x; (2)

where Itot is the current across the nanopore, gH and gL are conductan-
ces at high and low values, respectively, u is voltage, x is fractional
occupancy of a conducting state for channel conductance activation,
(u–E0) is the driving force for current, sk is the relaxation time of acti-
vation, and xeq is activation variable at equilibrium.41 These equations
can be further developed for various scenarios, i.e., different architec-
ture and operation of memristors, and they have been extensively
reviewed and discussed elsewhere.24,29,42,43 It is worthwhile to note
that some fluidic memristors exhibit negative differential resistance
effect (NDR)—an inverse correlation between current and voltage,
which is a functional part of spiking neurons.41,44,45 Some also show
resistive switching characteristic that involves a voltage-driven change
in the resistance state between high and low values for the implemen-
tation of basic synaptic functions.41,46

B. Memristive artificial synapse functionality and
mechanism

A standard biological synapse comprises a pre-synaptic neuron
and a post-synaptic neuron linked by a synaptic cleft. In a memristor-
based artificial synapse, the bottom and top contacts function as neu-
rons, while the switchable conducting layer, e.g., the nanopore channel,
serves as synaptic connection.47 The device’s electrical conductivity
represents the synaptic weight, and the plasticity of the synapse indi-
cates how the conductivity is influenced by the interconnected neu-
rons. A widely studied plasticity mechanism is spike-time dependent
plasticity (STDP) that modifies the synaptic weight according to the
relative timing of spikes between pre- and post-synaptic neurons.
Several bio-inspired synaptic functions can be developed, and some
examples are short-term and Hebbian plasticity, meta-plasticity

FIG. 2. Fundamental principles of fluidic memristors. (a) A representative setup of a fluidic memristor consisting of a nanochannel and two Ag/AgCl electrodes immersed in
electrolyte solution. (b) Illustration of kinetic-dependent ion depletion and accumulation within the nanochannel (single- and triple-headed arrows indicate slow and fast rate,
respectively). (c) Current–voltage (I–V) profile of fluidic memristor characterized by pinched hysteresis loops with green and purple arrows indicate forward and backward
sweep, respectively.
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(control of neural state over the decay time),48 time-dependent (pair
and triplet STDP), and rate-dependent (Bienenstock–Cooper–Munro)
synaptic learning rules.49 Here, we provide some insights to the opera-
tion of fluidic nanochannels in the increase or decrease in the ionic
conductivity in response to applied voltage spikes, that corresponds to
potentiation or depression, respectively, of the memristive synapse.

The characterization of fluidic pores using cyclic voltammetry at
different frequencies unveils the ionic conduction, rectification,
and hysteresis properties that lie behind the synapse operation.41

Figure 3(a-i) shows a typical behavior of a representative nanopore-
based fluidic memristor system theoretically modeled using Eqs. (1)
and (2).50 At high scan rate, the fast current [green line in Fig. 3(a-i)]
remains at low conductance level in both Vapp < 0 and Vapp > 0. At
low scan rate, the output current progressively reaches a high

conductance level at Vapp > 0 [red line in Fig. 3(a-i)], which eventually
reaches a stationary current [gray line in Fig. 3(a-i)]. The asymmetric cur-
rent–voltage (I–V) response is attributed to rectification effect, where
high current is suppressed when Vapp < 0. At intermediate scan fre-
quency one obtains the inductive loops (counterclockwise) at the positive
side. Since the current is self-crossing the current becomes capacitive
(clockwise) at the negative side. These denominations, i.e., inductive and
capacitive, correspond to the general behavior of a conducting system
with hysteresis.38,51 They can be correlated with the dominant behavior
observed in the impedance spectra at separate voltage domains.52 The
properties of alternating current impedance analysis are indicated by the
equivalent circuits shown in Fig. 3(a-ii) that can be calculated from Eqs.
(1) and (2).41 The inductive behavior is obtained by the chemical induc-
tor feature that is caused by Eq. (2).53 This is due to the delay polarization

FIG. 3. Operations of nanoporous mem-
branes as a representative fluidic memris-
tor in correlation to potentiation and
depression of synapse. (a) Theoretical
models of synaptic behavior in a nano-
pore: (i) current cycling response at differ-
ent scan rates simulated based on
Eqs. (1) and (2); (ii) small signal equiva-
lent circuit interpretation of the dynamical
regimes in (i); (iii) model current response
to a voltage step pulse comprising slow
and fast components of the current, and
transient current under two different char-
acteristic relaxation time (sk); and (iv)
equivalent circuit with the incorporation of
a constant capacitor. Reprinted (adapted)
with permission from Bisquert et al., Phys.
Chem. Chem. Phys. 26, 13804–13813
(2024). Copyright 2024 Authors; licensed
under a Creative Commons Attribution
(CC BY) license.50 (b) Experimental syn-
aptical response of nanoporous polymer
membranes based on the average reading
current increase in response to a train of
voltage pulses with various reading times
between SET voltage steps with a READ
voltage of 0.1 V: (i) schematic of voltage
train pulses to stimulate fluidic nanopores;
(ii) the complete current response to a
train of 20 voltage pulses of 2 ms sepa-
rated by 2 ms reading steps; (iii) the
change in current response as a function
of reading time; and (iv) a magnified view
of the current response at the scale of
reading voltage. Reprinted (adapted) with
permission from Bisquert et al.,
ChemPhysChem 25, e202400265 (2024).
Copyright 2024 Authors; licensed under a
Creative Commons Attribution (CC BY)
license.54
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effect that affects the ionic conduction. Importantly, the same model gen-
erates a capacitive behavior at negative voltages.50 This nontrivial result is
obtained because the inductor and conductance ga in Fig. 3(a-ii), both
become negative.

Now we turn to the time domain features of the same model that
govern the dominant adaptation properties of the synapse. They are
shown in Fig. 3(a-iii) that displays the current response under a square
voltage perturbation. The transient current usually shows an initial
spike that decays with time. This is a typical response of charging a
capacitive circuit. This capacitive behavior is obtained from an addi-
tional effect not included in Eqs. (1) and (2), the capacitive current
charging the membrane (constant) capacitance (Cm), as shown in
Fig. 3(a-iv). After the initial spike comes the active response of the ion
conductance across the pore channel, that shows an inductive behavior
as commented in Fig. 3(a-ii). Therefore, the current in Fig. 3(a-iii)
raises with time, with a characteristic relaxation time (sk). If sk is short
with respect to the perturbation time, the full slow current [gray line in
Fig. 3(a-iii)] will be completed. However, if the relaxation time is long,
the current will rise only a fraction of the possible value.

As shown in Fig. 3(b), that is obtained in representative experi-
mental measurements, under a train of voltage pulses, the stepwise
inductive raising current behavior causes the synaptical modulation.54

Figure 3(b-i) indicates the change in voltage from a SET value that
stimulates the synapse to a READ value that will be used in governing
the computational signal.55 In Fig. 3(b-iv), a clear increase in conduc-
tance associated with the positive voltage pulses, that forms the syn-
apse potentiation, is demonstrated. Figure 3(b-iii) shows that the
interval between pulses influences both the stimulation and the result-
ing change in conductivity, with an increased pulse frequency leading
to greater stimulation. Consequently, the conductance of the device

can be gradually adjusted by modifying the duration and sequence of
the applied programming voltage, allowing it to reach different con-
ductance states. Based on these insights, one can proceed to show other
properties observed in biological synapses, such as the paired pulse
facilitation (PPF) that consists of an enhancement in the amplitude of
the second of two rapidly induced excitatory postsynaptic potentials.56

It is also important to remark that sk can become a strong function of
voltage, as occurs in Hodgkin–Huxley model.50,57 The function of sk
provokes an additional control of relaxation properties, such as meta-
plasticity, memristor volatility, and retention time.48,58,59

A broader set of results in synaptical stimulation of a nanopore
membrane is presented in Fig. 4.60 The I–V and current–time (I–t)
curves at neutral pH [Figs. 4(a-i) and 4(b-i)] demonstrate the same
potentiation effect at positive voltages already remarked in Fig. 3.
However, in Fig. 4(b-i), another phenomenon is observed at negative
voltage: the increase in conductance gained at positive voltages is pro-
gressively decreased by the negative voltage pulses. This is the depres-
sion feature due to the conduction capacitance effect mentioned earlier
in Fig. 2(a-ii).50 Note the initial current spikes that occurs at all vol-
tages, in Fig. 4(b), that invert the value when the voltage is switched on
and off. This is the result of the membrane capacitance indicated in
Fig. 3(b). This ultrafast feature gives an arc in the high frequency
part of the impedance spectra, while the conduction memory effect
produces either an inductor or capacitor, depending on the
voltage range.50,52 It is interesting to compare the behavior displayed
in Fig. 4(a-iii) and 4(b-iii), corresponding to pH¼ 2.0. Here the rectifi-
cation side has been inverted with respect to Figs. 4(a-i) and 4(b-i) by
the change of sign of the surface charge.60 Hence, potentiation occurs
when the applied potential is negative, as shown in Fig. 4(b-iii). These
results attest to the extraordinary versatility of fluidic nanopores for

FIG. 4. Synaptical tunability of multipore nanofluidic membrane as a representative memristive system. (a) I–V profiles of nanoporous memristor showing pH-dependent ionic
rectifying effect in 50 mM potassium chloride (KCl) solution at pH: (i) neutral, (ii) 3.3, and (iii) 2.0. (b) Current response to a sequence of positive voltage pulses of 2 ms with
gradual conductance potentiation (indicated by green arrow) followed by a sequence of negative voltage pulses with a reset to low conductance state (depression indicated by
purple arrow) at pH: (i) neutral, (ii) 3.3, and (iii) 2.0. Reprinted (adapted) with permission from Bisquert et al., J. Phys. Chem. Lett. 14, 10930–10934 (2023). Copyright 2023
American Chemical Society.60
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neuromorphic circuits, since they can be modulated not just by electri-
cal signals as ordinary memristors but also by chemical changes.61,62

C. Materials, architectures, and operations

Influenced by their working mechanism, fluidic memristors are
developed in various channel or porous structures in one-, two-, and
three-dimensions, using a variety of materials such as glass, polydime-
thylsiloxane (PDMS), graphite, MXene, and hydrogels.23 The tuning of
symmetricity, geometrical, and chemical properties of the artificial sin-
gle or multiple channels are achieved by microfabrication and nano-
fabrication techniques, for instances: laser pulling, electron beam
lithography and etching, photolithography, and reactive ion etching, in
conjunction with chemical modifications.23 The physics enabling volt-
age- and time-influenced conductivity and plasticity of fluidic memris-
tors is established by the electrolyte behavior under spatial
confinement, which involves electrolytic ion enrichment and depletion
through polarization of the electric double layer (EDL), liquid–liquid
interfacial interaction, formation of Bjerrum ion pairs, or surface
adsorption/desorption of ions.18,32,62 The ionic movement across the
memristive system under an applied external bias polarizes the ion
storage layer established by the surface electric field within the trans-
port limiting region, leading to the redistribution of ions in this
space.62 The resulting surface effects from ion concentration polariza-
tion in the EDL further enrich ions in the high conductivity loop, while
depleting ions in the low conductivity loop. As there is a delay between
ion flux and scanned potential, i.e., ion flux does not return to zero at
the instance bias is scanned to zero, the still-polarized EDL “remem-
bers” the previous conductivity state and nonzero currents are
detected. Therefore, this time-dependent ion concentration change
contributes to the “memory effect.”37 The artificial channels used in
this type of fluidic memristor are usually glass or polymeric nanocapil-
laries, nanopipettes, and nanopores with potassium chloride (KCl) as
the electrolyte, as depicted in Fig. 5(a).60,63,64 The surface chemistry of
these artificial channels can also be tailored with charged molecules
such as poly-L-lysine and Nafions to enhance the ion concentration
polarization effect for memristive behavior.65 One intriguing example
is the modification of single nanopipette and anodic aluminum oxide
membrane with PEDOT:PSS, where the reversible switching of
PEDOT between positive and neutral form by oxidation and reduction
modulates the space charge within the nanopore/membrane and indu-
ces hysteretic ion transport.66

The memristive effect that arises from liquid–liquid interfacial
interactions is attributed to the ionic movement between two fluids of
different conductance driven by electroosmotic flow.61 Briefly, the elec-
troosmotic flow effect is generated when the movement of the EDL in
the direction of the applied electric field is transferred to the bulk liquid
through viscous effect.67,68 Due to the sluggish concentration polariza-
tion effect that comes along with the electroosmotic flow, the migra-
tion and local diffusion flux across the memristor shows a lag to the
change in applied potential stimulus, with an enhancement of trans-
port selectivity by electroosmotic flow. The variation in scanning
potential also impacts the electrostatic screening and electroosmotic
flow effect, and it causes a time-dependent change in conductance, as
described by the pinched hysteretic current loops.71–73 In this case,
nanofluidic devices composed of PDMS with imprinted microchannels
and nanochannels and sealed with a glass sheet, are used as interfacial
memristors, as depicted in Fig. 5(b). The microchannels serve as

reservoirs for two types of electrolytes with different conductance, i.e.,
ionic liquid and water, whereas the nanochannel is where the two res-
ervoirs meet.28,72 A micropore formed on silicon nitride substrate sub-
jected to a salinity gradient can also function as an interfacial
memristor.46 Considering the electroosmotic flow effect in terms of
fluid flow type (axial or spiral), tapered conical nanopore in KCl elec-
trolyte have different ion concentrations at various positions along its
axes. This leads to a variation in conductance, hence, an interfacial
memristor.69,70 The switching between low and high conductance
state, which is the mechanism responsible for memristive behavior,
can also be achieved by the formation and dissociation of Bjerrum ion
pairs—ionic pairs (dipoles) formed from the association of oppositely
charged ions in a solution—under low and high Vapp, respec-
tively.18,29,73 An anisotropic field effect of ions is generated under
strong spatial ionic confinement, where ion pairs that are parallel and
perpendicular to the direction of electric field are, respectively, affected
by the intensity of electric field and the Debye length. The resulting ion
pair clusters formed self-dissociate with slow kinetics into free ions
under an oscillating electric field, inducing history-dependent conduc-
tance.23 Fig. 5(c) describes a typical structure of a nanofluidic memris-
tor that operates based on Bjerrum ion pairs based on two-
dimensional nanochannels of molybdenum disulfide and graphite
flakes.74 Finally, the hysteretic conductivity behavior and synapse-like
functionality of a fluidic memristor can also originate from the adsorp-
tion of ions to a charged surface, which leads to longer ionic retention
time and slow down ion equilibrium beyond the diffusion timescale.18

This can be realized by decorating the inner surface of glass nanopip-
ettes or funnel-shaped polyethylene terephthalate (PET) nanochannels
with polyelectrolytes, e.g., polyimidazolium, poly-l-lysine, as shown in
Fig. 5(d).21,27,75 This memory-generating mechanism is also applied to
a conical nanochannel containing a mixture of ionic liquid and water,
where the adsorption and desorption of cations from the ionic liquid
onto the surface of a negatively charged nanochannel surface occur.76

The manipulation of operating parameters (scan rate/frequency, signal
amplitude, electrolyte concentrations, and types) and structural
parameters (channel size and surface charges) enables the precise tun-
ing of the memristive performance of these fluidic memristors.

D. Recent advances in fluidic memristors for
neuromophic applications

The ability of fluidic memristors in regulating ion transport hys-
teresis paves the way for mimicking the synaptic plasticity of the brain
and developing artificial neural networks that can be implemented in
neuromorphic computing systems with greater learning speed and
processing power. A PDMS microchannel filled with silk fibroin gel
was used as a bioinspired resistive memory device. Based on the multi-
state resistive switching behavior rooted from the movement of oppo-
sitely charged ions to their respective electrodes under an applied bias,
the device demonstrated spike rate-dependent plasticity with a
decrease in current, from 800 to 380lA, throughout repetitive signal
pulses. Its synaptic performance was stable, as indicated by a similar
change in current, despite the prolonged number of pulses.
Furthermore, it also displayed similar behavior of forgetting human
memory based on the slow transition from high to low resistance
states, as evidenced by gradual increase in current over time. By apply-
ing presynaptic and postsynaptic spikes, the device successfully per-
formed time-dependent spike plasticity rules such as antisymmetric
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Hebbian and antisymmetric anti-Hebbian learning rules. Using the
current responses in terms of pulse width, amplitude, polarity and
number as database, a convolutional neural networks simulation was
performed by analyzing the device conductance for CIFAR-10 image
recognition and a maximum accuracy of�90.2% was achieved.77

In Fig. 6, a two-terminal microfluidic memristor was built based
on a quartz capillary functionalized with 1,3-dimethylimidazolium
nitrate ([MMIm][NO3]:H2O) as ionic liquid-based resistance medium.

It exhibited hysteresis and NDR effect. The application of positive
potential disrupted the uniform distribution of ions within the mem-
ristor due to the accumulation of ionic charges and the enhancement
of the EDL at the interface from the redox reactions that occurred at
the electrodes. The spike-rate dependent plasticity (SRDP) of the
memristor was assessed by applying electrical pulses with varied dura-
tions, and distinct potential amplitudes and signal forms. The neurosy-
naptic simulation performance of the device was well-aligned with

FIG. 5. Representative examples of fluidic memristors of different materials and architectures. (a) A representative memristive system based on ion concentration polarization:
(i) setup of a fluidic memristor with quartz nanopipette with 60 nm radius subjected to KCl electrolyte and Ag/AgCl as electrodes; (ii) representative I–V hysteresis profiles in var-
ious concentrations of KCl at a scan rate of 100 mV s�1. Reprinted (adapted) with permission from Li et al., Chem. Sci. 6, 588–595 (2015). Copyright 2015 Royal Society of
Chemistry.37 (b) A representative nanochannel-based interfacial memristor: (i) schematic showing a PDMS substrate with embedded microchannels and a centered nanochan-
nel, where ionic liquid and KCl electrolyte are used to form an immiscible interface; (ii) pinched I–V curves of fluidic interfacial memristor due to electroosmotic flow effect-
induced hysteresis and the effect of sweep frequencies (0.005–0.25 Hz) on the hysteretic loops. Reprinted (adapted) with permission from Chen et al., Adv. Electron. Mater. 7,
202000848 (2021). Copyright 2021 John Wiley and Sons.72 (c) A representative two-dimensional synaptic nanofluidic channels: (i) nanofluidic memristive system based on
molybdenum disulfide (MoS2) separated by graphene spacers; (ii) illustration shows the memristor effect of the proposed device arisen from Wien effect and the associated for-
mation and breakdown of Bjerrum pairs; (iii) the resulting I–V curve displayed a loop that is pinched at the origin. Reprinted (adapted) with permission from Robin et al.,
Science 379, 161–167 (2023). Copyright 2023 The American Association for the Advancement of Science.74 (d) A representative example of polyelectrolyte-confined fluidic
memristor (PFM): (i) schematic illustration of a glass nanopipette with inner surface polymerized with polyimidazolium brush; (ii) schematic illustration of time-dependent ion
redistribution process inside PFM at different potentials due to confined polyelectrolyte–ion interactions. Reprinted (adapted) with permission from Xiong et al., Science 379,
151–161 (2023). Copyright 2023 The American Association for the Advancement of Science.27
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biological plasticity behavior and habituated learning pattern: (i) the
postsynaptic currents decreased gradually under a continuous stimula-
tion of alternating negative and positive pulses; (ii) the response to later
stimuli is weaker than the preceding ones when 50 consecutive pulses
were applied, but returned to the original state when the potential
polarity was switched; and (iii) the decaying rate of postsynaptic cur-
rent was influenced by the pause time between each adjacent set of
stimuli.78

A different type of ionic liquid, 1,3-dimethylimidazole chloride
([Mmim][Cl]:H2O), was used to infiltrate a quartz capillary tube
through self-inhalation, and copper wire electrodes were then inserted
at both ends of the tube, for the preparation of two-terminal memris-
tor with resistive memory properties. Driven by chemical reaction and
ion polarization and transmission, the device displayed pronounced
hysteresis loops with resistive switching and NDR effects in its I–V
curves at optimized electrode distance and Vapp. Note that the memris-
tive cross-point potential of the device is at nonzero points and this

indicates the contribution of capacitive effect from the migration and
accumulation of ions at the electrode surface under an electric field
applied to the memristor. The continuous enrichment of ionic charges
at the ionic liquid–electrode interface led to an enhancement of the
EDL that eventually created a limiting region of resistance and satura-
tion current, generating a NDR effect. The biomimicking synaptic
plasticity of the device was demonstrated by the current change in
response to a train of six voltage pulses of varying pulse shape, width,
amplitude, and frequency, which were associated with stable and
repeatable habituation behavior and spike rate dependence plasticity
for temporary memory of learning progress.79

Based on the mechanism of ion concentration polarization for
memory effect, an iontronic bipolar memristor was used to realize
ionic memory and neuromorphic signal processing. Three types of
polyelectrolyte gels were patterned sequentially within the microchan-
nels formed between two glass slides: (i) anionic-selective pDADMAC
(N gel); (ii) nonselective poly(ethylene glycol) diacrylate (pPEGDMA)

FIG. 6. Ionic liquid-based microfluidic memristor as artificial neural synapse. (a) Schematic diagram of a two-terminal memristor comprising a quartz capillary with 1,3-dimethyli-
midazolium nitrate ionic liquid (IL) and the resulting (b) I–V profile with a pinched hysteresis loop; the modulation of plasticity features of the proposed memristor by pulse stimu-
lation with (c) voltage pulse duration (1 to 10ms) (d) voltage pulse amplitudes (2, 1.5, 1, 0.6 V) (e) continuous rectangular pulses of amplitude of6 1 V, (f) triangular voltage
pulses with positive polarity. (g) The modulation of gap time between adjacent set of stimuli of 20 pulses (top–constant gap, middle–shrinking gap, and bottom–growing gap) to
emulate habituation and recovery behavior. Reprinted (adapted) with permission from Guo et al., J. Phys. Chem. Lett. 15, 2542–2549 (2024). Copyright 2024 American
Chemical Society.78
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(M gel); and (iii) cationic-selective poly(2-acrylamido-2-methyl-1-pro-
panesulfonic acid) (pAMPSA) (P gel). The M gel region is crucial in
facilitating effective ionic modulation via in-channel ion concentration
polarization (ICP) because it has significant electrical resistance
stemmed from its narrow microchannel width. When a forward volt-
age bias was applied, both cations and anions moved toward the cen-
tral M gel region from the interfacing P and N gel microchannels. This
increased the ionic conductance of the microchannels due to an
enrichment of ions in the M gel region, switching the memristor to its
ON state. The movement of cations and anions were reversed, i.e.,
driven away from the M gel region, when the applied bias was
reversed. An ionic depletion region with high resistance was created
within the M gel, which caused the bipolar memristor to be at its OFF
state. The bipolar memristors featured pronounced pinched hysteretic
loops at optimal I–V scan rates and the produced memory effect was
attributed to the dynamic resistance switching of the M gel from ion
concentration polarization effect. The time-dependent ionic response
of the system was further theoretically optimized in terms of channel
length and width, polyelectrolyte gel length and space charge molar
density, and electrolyte concentrations, enabling a scalable memory
time from 200 to 4000 s. The potentiation and depression dynamics of
the bipolar memristor were assessed based on their response to a step
voltage, which yielded an Ohmic current jump that increased over the
duration of the applied step voltage. This was further validated by mea-
suring the change in ionic current and conductance in response to a
train of voltage pulses.80

A polymer-based microfluidic device was fabricated to emulate
chemical synapses and their signaling processes. Poly(diallyl-dimethy-
lammonium chloride) (pDADMAC) cationic (n-type) polymer and
poly(3-sulfopropyl acrylate) (pSPA) anionic (p-type) polymer were
used to form a heterojunction with strong electrostatic interactions.
The ionic current response of the device was controlled by the
introduction of acetylcholine (AChCl) solution that acted as chemical
stimuli into the ionic p–n junction. Upon AChCl injection, AChþ and
Cl� ions were absorbed by pSPA and pDADMAC polymers, respec-
tively. The neutralization of fixed surface charges by the injected ions
consequently created a depletion region in the polymer junction, facili-
tating the flow of ions through the polymer membrane. The device
exhibited spike-generation characteristics, where the injection of
AChCl polarized the polymer membrane with a rapid increase in
potential from –10 to 10mV. The potential returned to its original
state upon depolarization. These potential spikes were also produced
in response to consecutive AChCl injections that simulate multiple
stimuli. To mimic co-induced multiple neural networks for “coopera-
tive” synapse response, AChCl solutions were simultaneously injected
into the ionic junction. Upon this stimulation, the electrical potential
of the device surged over the threshold value, and this triggered a post-
synaptic signal. The initiation of postsynaptic signals was determined
to be influenced by the time interval between injections, with the opti-
mum range within <10 s. The proposed microfluidic device with a p–
n polymer junction has demonstrated its potential use in brain-
inspired computing systems based on the conversion of chemical-to-
electrical signals through charge neutralization.81

Using the same polyelectrolytes, n-type pDADMAC and p-type
pSPA, they were photopolymerized inside glass channels to construct
a microchip-based iontronic diode with memory effect. The history-
dependent ion transport of this two-terminal bipolar-membrane-based

ionic diode was generated from the formation or dissolution of ionic
precipitate at the ionic junction between pDADMAC and pSPA. In
this case, barium chloride (BaCl2) and sodium sulfate (Na2SO4) were
used as precipitating reservoir solution for p- and n-type polyelectro-
lyte, respectively. When a forward bias was applied, the accumulation
of barium and sulfate ions from the electrolytic reservoirs at the ionic
junction to form barium sulfate (BaSO4) as physical blockage reduced
the ionic conductivity of the memristive diode and hence ionic flow
was impeded. This was quantified by a decrease in the associated ionic
current, which then remained constant over time despite the effort of
replacing the reservoir electrolytes with inert KCl solution to dissolve
the precipitate—a phenomenon similar to long-term depression
(LTD) in the nervous system. In contrast, the application of a reverse-
bias voltage drove barium and sulfate ions away from the ionic junc-
tion and the precipitates were dissolved partially and temporarily. The
resulting change in the polyelectrolyte network created a path for ionic
flow and the diode conductivity increased momentarily, emulating
short-term potentiation (STP). Short-term depression (STD) was
achieved by switching the bias from negative to positive to regenerate
the precipitates with a decrease in ion conductivity. Both STD and
LTD were characterized by a hysteretic current bulge under the subse-
quent forward bias in the voltage scan in the reverse-bias region. The
short-term plasticity property of the memristive diode was further
evaluated through the modulation of the reverse-bias input voltage
pulse amplitude, width, and interval. The gradual increase in the
response current to a train of reverse-bias stimuli suggested PPF
behavior in the diode, whereas the gradual ionic current decay
reflected a post-tetanic potentiation. To demonstrate neuromimetic
ionic signal integration with plasticity, a precipitation-based iontronic
synapse (PIS) with two memristive diodes with and without a pre-
formed precipitate integrated in a microchip was fabricated. The PIS
was capable of performing potentiation and depression based on the
response currents withþ 0.5 V test pulses between each input signal of
a series of6 1 V pulses, due to the nonlinear and time-dependent
nature of the system. Additionally, the implementation of multiple PIS
with excitatory and inhibitory configurations generated ionic postsyn-
aptic currents that could be integrated into a total “dendritic” current
as a function of time and input history, similar to the hippocampal
neural circuit.82

Another type of polyelectrolyte, polyimidazolium brush (PimB),
was grown onto the inner wall surface of glass micropipettes and nano-
pipettes by surface-initiated atomic transfer radical polymerization for
the fabrication of a model polyelectrolyte-confined fluidic memristor
(PFM). As PimB has a high charge density and anion-selectivity, chlo-
ride ions (Cl�) from electrolytes were attracted to the polyelectrolyte
layer via strong electrostatic interaction under positive bias. This
caused a slow diffusion dynamics of Cl� and hence prolonged anion
enrichment in the PimB layer from the rest state to reach steady ion
distribution under an applied bias. This was reflected in a gradual
increase in ionic current to its steady state. Cl� ions were then depleted
at a slow kinetics in the PimB layer when a negative bias was applied,
as depicted by the gradual decrease in ionic current. Therefore, the
slow diffusion dynamics of anions across the PimB layer contributed
to the time-dependent ionic memory. The resulting memristive finger-
print of PFM was described by its pinched I–V curves with a nonzero
cross-point potential, which was found to be dependent on the
voltage scanning frequency. A current increase that corresponded to
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paired-pulse facilitation (PPF) and a current decrease that depicted
paired-pulse depression (PPD) were observed when paired voltage
pulses at6 2 V were applied to PFM. The ability of PFM to emulate
STP electrical pulses was attributed to ion concentration polarization
in the PimB layer induced by applied biases as the slow anion diffusion
kinetics briefly retained the polarized state, i.e., strong interactions
between PimB and Cl�, despite the removal of electric field at pulse
intervals. The change in conductance and current response associated
with the hysteretic ion redistribution in PFM as a function of the volt-
age pulse interval revealed the retention time of PFM to be �500ms,
which is comparable to those of biological STP. Furthermore, the
energy consumption of the nanopipette-based PFM was estimated to
be 0.66 pJ per spike at a voltage stimulation of �100mV and interval
of 10ms. The ability of the PFM to mimic dynamic filtering functions
of sensory neurons was also established through its frequency-
dependent conductivity based on the current response to a negative
pulse train with frequencies ranged from 1 to 100Hz. The PFM also
demonstrated chemical-regulated STP by tuning PimB–anion interac-
tions, which was evaluated from its hysteretic I–V curves, PPF, and
PPD produced in different electrolyte solutions, e.g., NaCl, NaBF4, and
NaClO4. Among the three electrolytes, there was an increase in free
Cl� ions available for hysteretic ion redistribution to form PimB–Cl
complex since Cl� has a higher hydration energy. This modification
induced a stronger memristive effect with longer retention time than
those of BF4

� and ClO4
�. The chemical–electrical signal transduction

of PFM was realized by introducing a chemical stimulus, i.e., ClO4
�,

into the inner solution of PFM. This triggered a responsive electric pulse
that was analogous to a neural spike, since the depletion of anions in the
PimB layer was obstructed by the decrease in effective surface charge
density generated from the formation of PimB–ClO4

�. This emulated
the opening of postsynaptic ion channels activated by neurotransmitters.
The induced current pulse showed a typical spiking latency behavior
with a time lapse between stimulation and neuromorphic spikes. This
functionality potentially could be used for encoding chemical stimula-
tions with spike timing. As Cl� ions moved across PFM by electroos-
motic flow and electrophoresis, PimB–ClO4

� dissociated and the
current dropped to the initial state, imitating the clearance of neuro-
transmitters. With the versatile neuromorphic functions of the proposed
PFM, this work by Xiong et al.27 has contributed significantly to the
development of fluidic memristors for brain-like computing.

A PDMS fluidic system comprising a channel with nanoscale
width and height in between two micrometer-sized chambers was
designed as a synapse-mimicking interfacial memristor. When KCl
and 1-butyl-3-methylimidazolium hexafluorophosphate (BMIMPF6)
ionic liquid (IL) were injected into the chambers, an immiscible inter-
face was formed between the two electrolytes. The memristive charac-
teristic of this system was attributed to the presence of weak electrical
force within the electrolyte acting on the interface of KCl–IL when the
direction of sweeping potential was reversed. The pinched hysteresis
loop generated described a nonlinear I–V correlation and conductance
switching, which was optimized in terms of KCl concentration and
potential sweep frequency. The analog conductance switching behavior
of this artificial synapse was examined through a series of applied SET
and RESET voltage pulses, where the resulting conductance change
corresponded to long-term potentiation and depression with a good
endurance and retention property, and diminished nonideal factors
(e.g., asymmetric nonlinearity factor, nonlinear parameter, and

cycle-to-cycle variation). The proposed nanochannel synapse was able
to perform handwritten digit-recognition task through convolutional
neural network simulation with 94% accuracy.28,72

Based on a similar device architecture and material, an interfacial
fluidic memristor was constructed based on the bonding of PDMS
molded with a funnel nanochannel and two microchannels to glass, as
depicted in Fig. 7. As the selected electrolytes, namely, KCl and
BMIMPF6 IL, were immiscible, they formed a liquid–liquid interface
at the tip of the funnel nanochannel. Its memristive characteristic was
described by the I–V curves featuring two hysteretic current loops,
where the ionic current increased and decreased upon a forward and
backward scan, respectively, with a larger current value during back-
ward scan than that of forward scan at equivalent voltages. The hyster-
esis in ionic transport was attributed to the asymmetric ion transfer
process across the liquid–liquid interface during positive and negative
scans. The synaptic plasticity of this system was demonstrated through
its multistage conductance variation modulated by electrical signals,
which inferred short-term potentiation and depression. The conduc-
tance change, i.e., synaptic weight, was further enhanced by tuning the
signal pulse amplitude, pulse interval, and the concentration and type
of electrolyte. The proposed interfacial memristor was capable of emu-
lating Hebbian learning, as shown by conductance-based spike-time-
dependent-plasticity. An increase in memristor conductance simulat-
ing the enhancement of synaptic connections was triggered when a
presynaptic neuron spike (negative pulse potential) was applied before
a postsynaptic neuron spike (positive pulse potential). Furthermore,
the short-term learning ability of the device was manifested through
SRDP. To mimic the spikes of presynaptic neurons, pulses of varied
frequencies were applied. This alteration in pulse frequency resulted in
varied rate of weight change, where a higher frequency yielded a faster
rate in weight change. The operating voltage of this device was deter-
mined to be 200mV with a time constant of 144ms, indicating its
comparable performance to that of biological synapses.31

The addition of nanoparticles into electrolytes is reported to be
an effective method to enable memristive behavior of a nanochannel-
based fluidic system. This can be done by adsorbing silicon dioxide
nanoparticles (SiO2–NP) on the inner surface of the tip of poly(ethyl-
ene terephthalate (PET) conical nanochannel by electrophoresis. The
history-dependent pinched hysteresis of SiO2–NP-adsorbed nano-
channel was caused by the conductance variation arise from the elastic
strain at the polymer nanochannel tip, which was induced by the elec-
trical force of negatively charged SiO2–NP. The memory effect was
clearly indicated by the pinched hysteresis loops in its I–V curves, with
anti-clockwise current loop at positive bias voltage caused by increas-
ing conductance, and clockwise loop with minimal conductance under
negative bias. The current hysteresis was investigated under a system-
atic variation of parameters such as KCl electrolyte concentration and
pH, size of SiO2–NP, type of nanoparticles, scanning frequencies and
scanning voltage amplitude. It is interesting to note that the current
hysteresis diminished when the pH of the KCl electrolyte was close to
the isoelectric point of SiO2–NP due to the inability of the neutral
nanoparticle to impose strain. To demonstrate SRDP, periodic stimu-
lating voltages with a time interval of 0.1 s were applied. The corre-
sponding current increased rapidly followed by a saturation with a
conductance fourfold higher than that of the initial state. In contrast,
the change in conductance was negligible when the time interval of the
spike voltages was prolonged to 9 s. The forgetting process, which is
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related to Hebbian learning, was depicted by the exponential decrease
in postsynaptic current to its initial state in response to stimulating
depressing spikes. This was also correlated with long-term potentiation
and depression when periodic consecutive potentiating and depressing
voltage pulses were applied. The SRDP characteristic of the system was
further established by the conductance change, i.e., exponential
decrease in synaptic weight, under paired-pulse facilitation as a func-
tion of potentiation pulses with a spike interval of Dt.83

The integration of microbubble in a microfluidic system has been
demonstrated to function as soft memristor based on the tuning of
water film thickness between a bubble and solid surface by an external
electrical field. The proposed microfluidic device comprised of two
microchannel layers sandwiching two PET membranes: one track-
etched with nanochannels while one laser-drilled with micropore, and
a nematic hybrid liquid crystal microbubble is introduced on the top
of microchannel layer to create a thin liquid film between the bubble
and PET membrane with nanochannels (Fig. 8). Governed by the flow
kinetics and film thickening–thinning dynamics, it displayed current
hysteresis in its I–V profiles measured in 0.2 M NaCl with addition of
sodium dodecyl sulfate (SDS) at increasing scanning periods, with
counterclockwise and clockwise hysteresis at negative and positive
bias, respectively. However, the hysteresis disappeared at too high

scanning period with a sudden drop of conductance at positive bias
due to the reset of film thickness from liquid flow through the bubble
boundary. Due to the pressure-driven flow caused by electrostatic
forces on the negatively charged liquid–vapor interface, the water film
became thicker from the repulsion at negative Vapp and electroosmosis;
and thinner from the attraction at positive biases. The microbubble-
based soft memristor was also used to emulate adaptive learning as in
synapses. By applying potential spikes with a 5V amplitude, 200ms
duration, and a 100ms interval, the synaptic weight change in both
PPF and post-tetanic potentiation (PTP) decreased exponentially.
When the stimulation spikes were changed in terms of pulse width,
and intervals, the conductance change decreased gradually with
increasing interval, which showed a SRDP characteristic. Furthermore,
the effect on synaptic weight was only significant when the stimulating
pulse amplitude exceeded a threshold amplitude of 1V. The good
learning-experience of the proposed soft memristor was validated by
the exponential decay of conductance with an average time of 1.3 s,
and its proportionality to the number of voltage spikes.84

A similar microdroplet-based memristor also shows potential as
reconfigurable neuromorphic computing (Fig. 9). The proposed sys-
tem showed the clockwise pinched hysteresis at positive Vapp, which
represents negative differential resistance effects. This resistance

FIG. 7. Funnel nanochannel memristor as artificial synapse. (a) Illustrative diagram of funnel-shaped nanochannel with liquid–liquid interface formed between KCl electrolyte
and 1-butyl-3-methylimidazolium hexafluorophosphate IL, with SEM image (right) revealing a tip width of 203 nm. (b) The modulation of hysteresis loops by varying KCl concen-
tration (left) and electrolyte type (right). (c) Time-dependent conductance change under different pulse width (left) and amplitude (right). (d) Time-dependent conductance
change, endurance and consistency when the device is subjected to consecutive pulse cycles (left) and large pulse intervals (right). (e) Demonstration of Hebb’s law through
STDP by applying pulse sequence (top) and (SRDP) by applying pulses of varied frequencies (bottom). Reprinted (adapted) with permission from Li et al., Nano Lett. 24,
6192–6200 (2024). Copyright 2024 American Chemical Society.31
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change is attributed to voltage-induced deformation of liquid–liquid
interface caused by Maxwell stress under an electrical field. The synap-
tic plasticity of the system was characterized by (i) SRDP with a mini-
mum conductance based on periodic voltage spikes of various time
interval; (ii) PPD with an increase in synaptic weight as a function of
time interval; (iii) LTP and LTD with an exponential decrease in con-
ductance with potentiation spikes, which recovers with depression
voltage spikes. Using a thermotropic liquid crystal and coupled with
Peltier chip for temperature control, the system could mimic animal
season hibernation accompanied by change of neuronal activity. The
conductance response, i.e., decrease in synaptic weight, to stimuli spike
trains encoded from a 28� 28 pixel handwritten image was demon-
strated to decrease at lower temperature, which aligns with reduced
neural activity at colder environments. The temperature-responsive
characteristic of the system was also used to train artificial neural net-
work (ANN) of 784 input pixels, 200 neurons in hidden layer, and 10
output neurons, which revealed a better recognition accuracy at higher
temperature, similar to heightened neural activity at increased temper-
ature displayed by animals.85

Through surface functionalization, the ion concentration polari-
zation effect induced by ion migration across a single nanopore can be
harnessed to regulate the ionic conductivity for memory effect. Ling
et al. constructed positively and negatively charged single-pore nano-
fluidic memristors by modifying the inner surface of glass nanopore
with (3-aminopropyl) triethoxysilane (APTES) and tannic acid,
respectively. Due to the difference in their surface charges, the direc-
tion of hysteresis loops of the nanofluidic memristors opposed each
other. This implied that the ionic conductivity of the APTES-modified
nanopore increased but that of the tannic acid-modified nanopore
decreased upon an applied positive bias because of the reversal of ion
enrichment/depletion within the nanopores generated from the oppo-
site surface charges. The functional groups available on the surface of
the nanopores provided sites for protonation/deprotonation, and the
ionic conductivity of the nanofluidic memristors could be modulated
based on the degree of protonation to emulate the dynamic transition
from silent synapses to excitatory or inhibitory synapses. By applying
two consecutive positive voltage pulses, the ratio of current change cor-
responding to paired-pulse facilitation for APTES-modified nanopore

FIG. 8. Microdroplet-based soft memristor
based on liquid–vapor surface of a micro-
bubble. (a) Fabrication of microfluidic chip
containing layers of PET membranes pat-
terned with microchannels, nanochannels,
and micropore, with a schematic illustrat-
ing film thinning and thickening process
under an applied bias. (b) Memristive
characteristics in terms of I–V curves, on–
off ratio, and hysteresis loop areas in 0.2
M NaCl with SDS added at critical micelle
concentration. (c) Synaptic characteristics
in terms applied voltage polarity modu-
lated conductance change (middle) and
time pulse modulated synaptic weight
(PPF and PTP) (right). (d) Synaptic char-
acteristics in terms of conductance
change modulated by time interval, pulse
amplitude and number of potentiated
spikes. Reprinted (adapted) with permis-
sion from Niu et al., Nano Lett. 24,
102202 (2024). Copyright 2024 American
Chemical Society.84
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increased from the ion enrichment process via protonation, whereas
the depletion of ions in tannic acid-modified nanopore decreased the
conductivity with an increase in current change ratio related to paired-
pulse depression. Not only the writing and erasing ability of APTES-
modified nanopore was established by the change in conductivity
under the influence of the polarity of applied voltage pulse but also the
spiking-rate-dependent plasticity was validated by the decrease in con-
ductivity change with increasing time intervals between input pulses.
To show the potential of these nanofluidic memristors for brain-like
computing, they were integrated into reconfigurable logic gates with
positive and zero voltage pulses, respectively representing input “1”

and “0,” and the resulting high and low conducting states corre-
sponded to output “1” and “0.” The conductivity outputs of these
nanofluidic logic memristors were tuned by pH, realizing OR, AND,
NAND, and NOR logic gates. By combining these nanofluidic
memristors in different configurations, an artificial nanofluidic
neural network for matrix multiplication was created with the
underpinning basis of cooperative interaction of these artificial synap-
ses. The connection of two nanofluidic memristors in the same direc-
tion, either parallel or series, retained the memristive properties but
the memory effect was lost when they were connected in opposite
directions.61

FIG. 9. Microdroplet-based soft memristor
based on liquid–liquid surface of a liquid-
crystal microdroplet. (a) Illustrated microflui-
dic system by integrating two membranes
with a microwell and nanochannels each in
between two layers of PDMS microchan-
nels. (b) Adaptive learning features charac-
terized by SRDP, PPD, and LTD and LTP.
(c) Temperature-modulated memristor mim-
icking neuronal activities responding to
external stimuli based on conductance
response to encoded visual signal and its
recognition accuracy. Reprinted (adapted)
with permission from Ma et al., Cell Rep.
Phys. Sci. 5, 102202 (2024). Copyright
2024 Authors; licensed under a Creative
Commons Attribution (CC BY) license.85
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Figure 10 describes the confinement of PEDOT:PSS within a glass
nanopipette for the realization of various electrical pulse patterns, e.g.,
PPF, PPD, SRDP, and spike-timing-dependent-plasticity (STDP). The
ionic hysteretic origin of this polymer-filled nanofluidic memristor
was attributed to the reversible redox and capacitive effect of PEDOT:
PSS membrane, which resulted in pinched loops at near 0V with a
clockwise/anticlockwise trend in its respective first/third quadrant of
the I–V profile. On one hand, a positive Vapp induced an enhancement
in ion concentration polarization, therefore, a time-accumulated polar-
ization effect was observed in the range of 0 to 1V. On the other hand,
depolarization occurred from –1 to 0V scanning range due to inhib-
ited ion concentration polarization. The correlation between the hys-
teresis performance and scan rates shown by the proposed nanofluidic
system has revealed a Hodgkin–Huxley ion channel memristor charac-
teristics, with sufficient ionic equilibrium and lagged ionic changes at
low and high scan rates, respectively. Based on the time-dependent
ionic polarization/depolarization, PEDOT:PSS confined nanopipette
has demonstrated: (i) PPD and PPF upon the application of presynap-
tic pulses of6 0.4 V with 10ms duration and 20ms interval; (ii) tem-
poral filtering feature upon the stimulation by multiple voltage spikes
of different intervals (1 to 67Hz); and (iii) STDP and antisymmetric
anti-Hebbian learning rule based on the conductance change in
response to voltage spike order and interval. The derived PPD and
PPF time constants of the proposed system was within several to hun-
dreds of ms range, which is well-aligned to that of biological systems.
The proposed nanofluidic synapse also demonstrated bionic spiking
behavior involving transmembranous electrical dynamics under input
ionic currents of 67 nA with an energy consumption of 77 pJ, which
could be further electrically tuned by varying stimulus current, resting
potential and time. The chemical tunability of the spiking functionality
was achieved by a modulation of electrolytic cation concentrations and
the addition of dopamine neurotransmitters, realizing neuronal excit-
ability. The ionic current-induced spiking produced by the proposed
nanofluidic synapse was highly analogous to that of biological action
potentials with similar phases of resting potential, depolarization, and
hyperpolarization, contributing to brain-like neuromorphic
computation.86

The emergence of memory in the transport of ions across two-
dimensional nanofluidic channels was investigated and used for the
implementation of Hebbian learning. Two types of nanofluidic mem-
ristors with similar geometry but different surface properties were fab-
ricated: (i) “pristine” channels formed by MoS2 flakes with graphene
nanoribbons as spacers; and (ii) “activated” channels created in
between two graphite flakes with an etched trench on the bottom flake.
Both pristine and activated nanofluidic memristors produced hystere-
sis current loops pinched at 0V when subjected to a time-varying
applied voltage. Note that the memristive effect appeared at frequen-
cies ranging from 0.1 to 200 mHz, which was below the frequencies
where capacitance-induced hysteresis occurred. The properties of the
hysteretic current response were further modulated by the electrolyte
concentration, pH and type, as well as the channel height. The analysis
of conductance curves as a function of voltage revealed pristine nano-
channels as a unipolar memristor and activated nanochannels as a
bipolar memristor, as defined by their self-crossing and open conduc-
tance curves, respectively. It is suggested that, on one hand, activated
nanochannels behaved as a bipolar memristors as their conductance
state changed upon reversal of applied voltage polarity. Therefore, its

memory effect was attributed to ion enrichment and depletion in the
nanochannel facilitated by the high surface charges. On the other
hand, the nonlinear response of pristine nanochannel as unipolar
memristor was correlated with the formation of tightly bound Bjerrum
pairs of ions under strong confinement and its associated Wien effect.
As a proof-of-concept, a bipolar activated nanofluidic memristor was
used to emulate Hebbian learning based on its demonstrated conduc-
tance change in response to successive voltage sweeps that corre-
sponded to short- and long-term memory. The long-term
modification of the memristor was validated through the application
of 30 “write” voltage spikes (þ1V for 10 s) and 30 “erase” spikes (–1V
for 10 s). The writing spikes induced a conductance potentiation, and
the conductance measured between each spike at a reading pulse
(þ0.1V for 5 s) revealed no fluctuation. The erasing spike then trig-
gered potentiation depression by resetting the conductance back to its
initial state. The implementation of Hebbian learning involved the
activation of neuron-mimicking nanofluidic memristors by voltage
spikes. This resulted in an increase in conductance when a presynaptic
spike was followed by postsynaptic spike, which resonated the
strengthening of connection between two neurons. However, the con-
ductance decreased when the order of neuron activation was reversed
or the delay was prolonged, indicating weakening or unchanged neu-
ron connections. The nanofluidic memristors produced in this work
exhibited not only synaptic tunability, but also the realization of basic
learning algorithms within a simple nanoarchitecture.74

The dimension of asymmetric channel-based fluidic memristor
can be further scaled down by using heavy ion irradiation to create
one-dimensional latent track as Angstrom-scale channel. This is dem-
onstrated by Shi et al., where they fabricated an asymmetric channel
featuring chemically etched conical nano-opening and Angstrom
channel on PET foil. The conical side of the channel was further modi-
fied with poly-L-lysine (PLL) coating to provide the structure with pos-
itive surface charges. The memristive property of the structure was
attributed to the movement of PLL molecules across the Angstrom-
scaled channel under an external electric field: (i) the penetration of
PLL molecules into the channel under negative bias increased the resis-
tance to ionic flow (OFF state); and (ii) positive bias drove PLL mole-
cules out of the channel and the resistance was reduced (ON state).
Therefore, the I–V curve exhibited hysteresis loops pinched at (0,0)
with a high and low conductivity state at positive and negative poten-
tial, respectively. The hysteresis loop areas, which defined the memory
effect, were modulated by scanning frequency and range, as well as
KCl electrolyte pH and concentration through their impact on the
ionic concentration polarization, change in entropy barrier for PLL
molecules to penetrate and charging–discharging current of capaci-
tance at the channel surface. The excitatory postsynaptic current
(EPSC) of the Angstrom-scale fluidic memristor in response to 15 volt-
age spike cycles with fixed time interval reflected long-term potentia-
tion (LTP) with an exponential increase in EPSC amplitude at one
polarity, and long-term depression (LTD) at the opposite polarity with
decreasing EPSC amplitude. The system also exhibited short-term
plasticity (STP) based on the increasing EPSC respecting to applied
paired pulses with a time interval of 25ms. To emulate the learning–
experience behavior, i.e., Hebbian learning, periodically potentiating
pulses were used to stimulate the fluidic system. It was found that the
synaptic weight increased rapidly and saturated with the number of
pulses. However, when the potentiating stimulation was removed,
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FIG. 10. Nanofluidic memristor as a synthetic spiking synapse. (a) PEDOT:PSS-based nanofluidic synapse: (i) illustrative depiction of polymeric nanopipette with a confined
layer of PEDOT:PSS at the tip; (ii) descriptive diagram on the enhancement and inhibition of ion concentration polarization within nanopipette during potential sweeps; (iii) the
resulting I–V hysteresis effect in response to the periodic triangular wave of 100 mV s�1 in 100mM KCl. (b) Time-dependent synaptic plasticity with demonstration of (i) paired-
pulse depression and facilitation at a time interval of 20 ms; (ii) SRDP signals under 50 consecutive pulses of6 0.4 V intensity, 10 ms duration, and varying frequency (1–
67 Hz); (iii) STDP signals with a change in conductance induced by positive and negative input pulse. (c) Demonstration of bionic spiking behavior: (i) illustrations comparing
the generation of action potential in biological ion channel (top) and PEDOT:PSS artificial synapse (bottom); (ii) the corresponding transmembrane potential produced by biolog-
ical (top) and artificial (bottom) synapses under input ionic currents of6 7 nA (bottom). (d) The tuning of spiking behavior of artificial synapse by (i) electrical inputs – stimulus
current (left), threshold values (middle), and spiking frequencies (right); (ii) chemical inputs – concentrations of potassium ions (left) and addition of dopamine (right). Reprinted
(adapted) with permission from Xu et al., Proc. Natl. Acad. Sci. U. S. A. 121, e2403143121 (2024). Copyright 2024 National Academy of Sciences.86
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there was an exponential decrease in synaptic weight to a value of
�60%, which is analogous to the forgetting curve of human brain. The
power consumption of the proposed fluidic memristor, which was
determined to be 2–23 fJ per spike, were comparable to those of bio-
logical synapses (1–100 fJ per synaptic event) but lower than that of
CMOS-based brain-inspired chips (23–26 pJ per synaptic event).75

Likewise to single conical nanopore, a nanofluidic membrane fea-
turing multipores exhibits versatile synaptic functions enabled by the
combined effect of rectification and memristor properties with a
greater current output. When a polyimide-based membrane with coni-
cal pores sized 10 and 100nm at the tip and base, respectively, was
subjected to 2 M KCl electrolyte under an applied bias, the hysteresis
behavior emerged at higher signal frequency range (10–100Hz)
(Fig. 4). This is because of the presence of surface charges on the nano-
pore wall to promote accumulation of mobile ions, i.e., high current, at
the pore tip under positive bias but depletion at negative bias (low cur-
rent), which explained the greater hysteresis loop at V> 0 than that of
V< 0. When the frequency was in the range of 10–100Hz, the relaxa-
tion time characteristic of the mobile ions and nanopore surface
charges was longer than the signal period, causing a delay in ion
migration in response to the applied bias. The memristor behavior
vanished as signal frequency went beyond 100Hz since the speed of
external signal was too fast for the mobile ions to follow. Based on the
quantification of the area enclosed within the loop, the memristive per-
formance was the best at a signal frequency of 20Hz and it could be
further optimized by manipulating signal voltage amplitude, as well as
electrolyte concentration asymmetricity, type and pH. To demonstrate
the synaptic tunability, their current responses to a train of 2ms posi-
tive voltage pulses of amplitude þ1V and negative voltage pulses of
amplitude –1V were evaluated in KCl electrolyte of different pH. At
pH¼ 3.3, no gradual potentiation was observed in the nanofluidic
memristor due to their neutral surface charge. On one hand, when the
pH of the electrolyte was increased to 7, the applied positive pulses
induced current potentiation and synaptic depression during the nega-
tive pulses. On the other hand, an electrolyte of pH 2.2 reversed the
conductance response with current potentiation occurring under nega-
tive potential pulses. The pH-tuneable synaptic potentiation and
depression of the multipore nanofluidic memristors enabled reverse
modulation of memory effects, which is useful for ionic neuromorphic
computation.60

Ramirez et al. further extended the investigation on the memory
behavior of a nanoporous polyimide membrane in symmetric and
asymmetric electrolyte types and concentrations. In the case of sym-
metric condition, the nanofluidic membrane was sandwiched between
two reservoirs of electrolytes of the same type (e.g., KCl, calcium chlo-
ride CaCl2) and concentrations (e.g., 50, 100, and 500mM). Compared
to that of symmetric 50mM KCl, the hysteretic I–V curve produced in
symmetric 50mM CaCl2 was less rectified with a much smaller loop
areas at the same potential frequency (10Hz) and amplitude (2V).
This was attributed to the decrease in nanopore surface charges from
the binding interaction between calcium ions and carboxylate ions on
the nanopore surface, as well as the increased Debye screening of diva-
lent calcium ions. This also clarified the absence of conductance poten-
tiation and depression in 50 and 100mM CaCl2 electrolytes, and a
slight potentiation with reverse polarization at 500mM CaCl2.
Interestingly, a third hysteresis loop was observed when symmetric
CaCl2 concentration was decreased to 10mM, which was absent in

that of KCl electrolyte. Since electrostatic interaction of divalent cati-
ons has a different kinetics than that of monovalent ions, this results in
different pore relaxation phenomena involving potassium and calcium
ions that produce their own distinct memory characteristics.
Furthermore, divalent Ca2þ ions might enhance the solution capaci-
tance and this contributed to the presence of the extra central loop,
which was validated by impedance spectra. To further evaluate the
effect of asymmetric electrolytes, two configurations were used: (i)
pore tip facing 50mM KCl and pore base facing 50mMCaCl2; and (ii)
pore tip facing 50mM CaCl2 and pore base facing 50mM KCl. The
former has shown three rectified hysteresis loops in its I–V curve but a
less rectified and memristive single pinched loop in the latter, which is
associated with the ion transport and binding behavior of divalent cati-
ons. Therefore, the former showed a more marked conductance poten-
tiation and reset effect than that of the latter. The memory effect of
these nanofluidic memristors were also studied in a multi-ionic elec-
trolyte system composed of different ratio of KCl to lanthanum chlo-
ride (LaCl3) solution. This showed rectified and linear hysteresis loops
depending on pore charge inversion phenomenon from the adsorption
of trivalent cation on the pore surface. This work has demonstrated
the modulation of neuromorphic conductance responses by solution
characteristics, which could help building ionic circuits for brain-like
computing.87

Ramirez et al. also investigated in detail the effect of ionic concen-
tration gradients on the memristive switching of nanofluidic mem-
branes composing of �300 polymer-based conical nanopores. The
diameters of each nanopore in the membrane were 20 and 300nm at
the tip and base, respectively. When an electrolyte concentration gradi-
ent was used, i.e., nanopore tip facing higher KCl concentration
([KCl]) and nanopore base facing lower [KCl], its I–V curve featured
rectifying pinched hysteresis loops with higher conductivity at V> 0 V
due to enhanced ion accumulation at the pore tip. This was correlated
with inductive memory effect, which diminished at higher signal fre-
quency. The capacitive memory effect, indicated by a clockwise loop at
V< 0 V, increased with signal frequency. Opposite memristive effect
with high conductance at V< 0 V was achieved when the electrolyte
configuration was reversed with high [KCl], providing a large ionic
reservoir for ion accumulation at the pore base. The switchable ON/
OFF conductance state of the nanoporous memristors was confirmed
by ionic conductance and current semi-logarithmic plots, which have
shown closed counterclockwise loops at V> 0 V and a drastic drop in
conductance at V< 0 V. The synaptic current response of the mem-
brane at different configuration of ionic concentration gradient was
evaluated based on input spike signals of positive and negative pulses
of duration of 2ms and different amplitude (1, 2, and 3V) in sequence.
With the pore tip facing the more concentrated KCl, conductance
potentiation and depression were observed with increasing significance
as the pulse amplitude increased. In contrast, this synaptic behavior
disappeared when the concentration gradient was reversed, which
might be due to complete exclusion of anions from negatively charged
nanopores. The neuromorphic-like conductance potentiation behavior
with respect to spike pulses under an ionic concentration gradient fur-
ther establishes the potential use of nanofluidic system as ionic mem-
ristors for neuromorphic applications.88

In addition to electrolyte concentration gradient, electrolyte pH
gradient is another effective parameter to modulate the memristive
and neuromorphic-like conductance potentiation characteristics of
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nanofluidic memristors. Illustrated in Fig. 11, a multipore polyimide
membrane with etched conical nanopores (tip and base diameter of 20
and 200nm, respectively) were subjected to a 50mM KCl electrolyte
pH gradient of 7 and 1.5 to tune the surface charges of the nanopores.
The dynamic I–V curves of the membrane at a pH gradient featured
pinched hysteresis loops, where the curve orientations were affected by
the configuration of the nanopore (tip/base) facing the electrolyte of
pH 7 or 1.5. The nanoporous fluidic memristors also displayed
neuromorphic-like spikes in their current–time profiles under a pH

gradient when 11 positive and 11 negative voltage pulses with 5V
amplitude, 2ms duration, and 2ms interval were applied as input. A
gradual increase in conductance for positive and negative amplitudes
was observed when the tip of nanopore faced KCl electrolyte of pH 7,
however, the memristive nanopore system was at low conductance
states when pH configuration was switched. The effect of pH configu-
rations was also evaluated in the nanofluidic systems comprising a
series arrangement of memristive nanopores. It is interesting to
observe that: (i) the rectifying hysteresis loop only self-crossed when

FIG. 11. Electrolyte pH-modulated memristive effect in nanofluidic memristor. (a) Electrochemical characterization of nanofluidic memristors in asymmetric pH of KCl electro-
lytes: I–V and current potentiation profiles of nanofluidic memristor with pore tip facing KCl of (i) pH 7.0 and (ii) pH 1.5. (b) Electrochemical characterization of two memristive
nanopores connected in series subjected to symmetric pH conditions: (i) KCl pH 7.0 and (ii) KCl pH 1.5. (c) I–V and current spike profiles of two nanofluidic memristors in series
in varying KCl pH and nanopore arrangement conditions. (d) Logic function responses obtained corresponding to pH of KCl and applied voltage (Vapp) as input signals and con-
ductance change as output signal. Reprinted (adapted) with permission from Portillo et al., J. Phys. Chem. Lett. 15, 7793 (2024). Copyright 2024 American Chemical Society.89
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both nanoporous membranes had their pore tips facing an electrolyte
pH of 7 and pore bases facing KCl pH 1.5; (ii) rectification was absent
in symmetric electrolyte pH 7 condition but present in symmetric elec-
trolyte pH 5 condition; and (iii) rectifying non-pinched hysteresis loop
was produced when the nanopore tips and bases of both membranes
were subjected to KCl pH 1.5 and 7, respectively. These results were
also reflected in their current–time profiles, where significant synaptic
potentiation in both positive and negative voltages for memristor sys-
tems with two membranes arranged in series and their pore tips facing
KCl pH 7. These pH-modulated conductances of the memristive
nanopores were then used as basis to implement logic functions. Based
on input 1 variable as sign of Vapp (0 for V¼ –5V and 1 for V¼ 5 V),
input 2 variable for nonfixed KCl pH (0 for pH 7 and 1 for pH 1.5),
and conductance as output variable (0 for low conductance and 1 for
high conductance), different logic responses, i.e., OR, INHIBIT-1,
INHIBIT-2, and NAND functions, were obtained as a proof-of-con-
cept for potential applications in iontronic neuromorphic circuit.89

The memristive behavior of polyimide-based multipore mem-
brane can also be regulated based on their arrangement in a circuit, as
demonstrated by Ramirez et al. Mutipore membranes with the same
polarity that were connected in series exhibited rectified pinched hys-
teresis, with synaptic conductance potentiation corresponding to trains
of positive spike pulses. However, only one current loop with no
pinched behavior occurred when the membranes had opposite polarity
in series. This was attributed to the absence of inductive behavior and
the current being governed solely by the capacitive branches. This
observation also aligned with the loss of conductance potentiation.
Similar to the results obtained at the same polarity in series connection,
nanofluidic membranes with their pore tips facing the same side con-
nected in parallel exhibited pinched hysteresis loops with its ON state
under positive bias. They also showed conductance potentiation at
positive voltage pulses but not at negative voltages. Conversely, the I–
V curve of nanofluidic membranes in anti-parallel arrangement, i.e.,
their pore tips facing different direction, featured double-pinched loop,
with inductive loops at both V< 0 V and V> 0 V, and a capacitive
loop at the origin. Note that the presence of conductive loops at V< 0
V and V> 0 V were responsible for the conductance potentiation
observed at both positive and negative voltage pulses. Therefore, this
work provided insights into the logical arrangement of nanofluidic
memristors to achieve synaptic functionality for neuromorphic
applications.90

Nanofluidic memristor featuring highly asymmetric channels
(HAC) of silicon nitride, palladium, and graphite crystals with demon-
strated potential for circuit-scale in-memory processing was reported
by Emmerich et al.55 HAC displayed a clear bipolar memristive signa-
ture with an increasing and decreasing conductance at positive and
negative voltages, respectively. Other unique features exhibited by
HAC include: (i) memory retention at low voltages; (ii) implementa-
tion of STDP by applying short voltage pulses; (iii) a combination of
fast speed and large conductance ratio; and (iv) delayed switching
(drastic conductance increase when applied voltage became positive).
This shows the potential of the system for neuromorphic applications
such as Hebbian learning and conditional logic as the switching ability
enables the reading of memory state without interrupting programmed
state. Furthermore, the integration of HAC in logic circuits with inter-
active devices was demonstrated. A material implication (IMP) logic
gate was constructed using two parallel HACs connected to a resistor,

where one functioned as P-switch with constant conduction state dur-
ing logic operation and the other as Q-switch with switchable conduc-
tance state triggered by P with low conductance. The strong nonlinear
dynamics of HACs and its associated conditional switching enabled
the implementation of a Boolean operation, which pave the way for
the development of fully liquid circuits using these nanofluidic mem-
ristive switches.55

Fluidic memristors based on nanochannels with short-term
memory and highly volatile properties are also promising candidates
for performing neuromorphic reservoir computing—a brain-inspired
neuromorphic computing algorithm based on recurrent neural net-
works for complex temporal data analysis and prediction. In reservoir
computing, the complex nonlinear network receives input signals but
only the final layer of output signals is trained for recognition task.
This implies that the network must be volatile so that the internal part
of the reservoir forgets a state to perform further computations.20,91,92

In Fig. 12, Kamsma et al. constructed a fluidic memristor constructed
based on a tapered microfluidic channel with an embedded conducting
network of nanochannels between colloids and two KCl electrolyte res-
ervoirs. The fluidic device displayed a pinched hysteresis loop in its
dynamic I–V curve due to transient salt concentration polarization
driven by externally Vapp. Furthermore, the neuronal short-term plas-
ticity, i.e., facilitation and depression, of the device was assessed by the
change in conductance in response to four consecutive positive and
negative “write-pulses” of 5V and –2.5V, respectively with a duration
of 0.75 s and interval of 0.75 s. The short-term characteristic of the
device was further validated when the interval between pulses was lon-
ger than the typical memory retention time with the absence of cumu-
lative conductance change. The energy consumptions of the device
were determined to be �1–10 lJ for four applied 5V write-pulses and
10–100 nJ for five applied –1V read-pulses. These features of short-
term memory and nonlinear dynamics equipped the device with reser-
voir computing capabilities, which was demonstrated through in silico
classification of handwritten numbers. Based on the translation of bit-
strings (0 or 1) to voltage pulses (–2.5V or 5V) that generated a total
of 110 conductance states per image, the device with a single-layer fully
connected 110 � 10 neural network as readout function and trained
on a dataset of 2000 samples was capable of achieved an accuracy of
81%. The performance of the proposed fluidic iontronic volatile mem-
ristor with adjustable memory retention times was comparable to
those of solid-state memristors with an accuracy of 83%–86% based
on similar protocol, bringing aqueous memristive system a step closer
to neuromorphic computing.20

III. OTHER FLUIDIC COMPUTING COMPONENTS
A. Fundamental principles

The hardware implementation of current neuromorphic systems
relies heavily on CMOS transistors, as demonstrated by TrueNorth
chip with 5.4� 109 transistors integrated to mimic one� 106 neurons
and 256 � 106 nonplastic synapses.7,93 To achieve true emulation of
neurons with synaptic plasticity, a large number of transistors are
required, which is impractical for conventional applications in terms
of energy and size.7 This has driven the development of ionic transis-
tors—the fluidic analogy of voltage-gated sodium and potassium chan-
nels in biological systems, which is the main focus in among others
fluidic computing components in this review.94 Similar to biological
ion channels that control ionic flow by transmembrane potential, the
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ion transport across ionic transistors is regulated by a gate voltage.95,96

An ionic transistor is typically a three-electrode system consisting of a
synthetic ion channel, the function of which is to connect the source
and drain electrolyte reservoirs, as illustrated in Fig. 13(a). An external

bias applied between the electrodes in each reservoir drives the flow of
ions across the ion channel that separates the two reservoirs. The
behavior of ionic flow across the channel (i.e., selectivity and ionic cur-
rent) can be controlled by the introduction of a gate voltage. The

FIG. 12. Fluidic iontronic nanochannels for neuromorphic reservoir computing. (a) Iontronic properties of the proposed fluidic memristor: (i) schematic (left) and photos (right) showing
a tapered microchannel with a conducting network of nanochannels embed in a rigid colloidal structure; (ii) steady state I–V profile with ion current rectification; (iii) dynamic I–V profile
with ion current hysteresis; (iv) output current response (blue) to applied 5 V write-pulses and –1 V read-pulses (green); and (v) short-term plasticity features exhibited by the device in
response to applied voltage pulses of 5 V and –2.5 V. (b) Proof-of-concept demonstration as synaptic element in reservoir computing: (i) the change in device conductance corre-
sponding to 16 bit-strings; (ii) the interpretation of number “2” to 5 bit-strings (left) and subsequent translation to 5 voltage train/conductance values (right); (iii) the conversion of hand-
written numbers to 110 bit-strings, involving trimming of pixelated image, rounding of grayscales, and image segmenting; (iv) the loss function during training indicating a negligible
effect of noise on accuracy; and (v) the confusion matrix on a test set of 2000 samples depicting an accuracy of 81%. Reprinted (adapted) with permission from Kamsma et al., Prod.
Natl. Acad. U. S. A. 121, e2320242121 (2024). Copyright 2024 Authors; licensed under a Creative Commons Attribution (CC-BY) license.20
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application of a gate voltage results in a change in the surface charge of
the ion channel, which attracts counterions but repels co-ions as elec-
trolytic ions flow through the channel. Depending on the selectivity of
the ion channels, fluidic transistors can be classified into either p-type
or n-type.95

The transport of charged species across fluidic transistors is fun-
damentally governed by the EDL theory. In a fluidic transistor system
such as the one shown in Fig. 13(b), a diffuse layer comprising an
enrichment of counterions and repulsion of co-ions is formed at the
interface between the channel substrate and the electrolyte due to the
presence of fixed surface charge density on the channel.97,98 The elec-
trostatic potential associated with the EDL changes exponentially as
the diffuse layer extends from the channel wall to the bulk electrolyte
solution. When the Debye length—thickness of EDL—is approximated
that of the size of the channel at the nanometric scale, the overlapping
between the EDLs at both interfaces of the channel wall and solution
leads to the generation of an electrostatic field within the channel. This
allows the ions within this region to be controlled independently by
electrostatic force.95,99 The movement of ionic charges across this finite
region of the EDL facilitated by applied source and drain biases can be
regulated by modulating the surface charge density of the channel
through the introduction of a gate voltage.

When no gate voltage is applied, cations and anions flow in
opposing direction with a decaying potential to a minimum at the cen-
ter of the channel. The flow of negatively charged anions can be
enhanced while suppressing the flow of positively charged cations by
applying a positive gate voltage. In this case, anions are the main
charge carriers due to the polarization of the channel wall by a gate
voltage> 0 V. Conversely, cations act as major signal carrier as the
channel wall is negatively charged by a gate voltage< 0 V that favors
the flow cations over that of anions. Hence, the polarity of fluidic tran-
sistors can be tuned by the applied gate voltage and the associated ionic
flux can be electrically characterized by current–potential profile, as
shown in Fig. 13(c).95 Based on the variation of ionic current over a
range of scanning potential at different gate voltages, the ratio of ON
state (high ionic conductivity) to OFF state (low ionic conductivity)
currents, also known as gating ratio, can be determined to define the
gating performance of a fluidic transistor.100 The EDL theory involved
in the ion transport behavior of fluidic transistors can be mathemati-
cally represented by Poisson–Boltzmann equation, which describes the

electrostatic potential of the surface in terms of the following
equation:100

r2u rð Þ ¼ �e
P

i Cizi
ee0
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ee0
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�u rð Þzie

kBT
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where Ci and C0,i are concentrations of the i-compound at position r and
in the bulk, respectively, kB is the Boltzmann constant, T is the tempera-
ture, e is the electron charge, zi is the ion valence, e and e0 are the relative
permittivities of the medium and vacuum, respectively, and w(r) is elec-
trostatic potential. Note that w(r) can be expressed by the Debye–H€uckel
approximation for a low charged planar surface by correlating the elec-
trostatic potential at the surface w0 and Debye–H€uckel parameter j

u rð Þ ¼ u0exp �jrð Þ: (4)

Based on the Debye–H€uckel approximation and the electroneutrality
principle, the surface charge density, r, of a fluidic transistor can be esti-
mated using Eq. (5) by considering kD–characteristic thickness of EDL.

100

r ¼ u0ee0
kD

: (5)

In transistors, the gate electrode acts as a presynaptic input termi-
nal, analogous to an axon, while the drain electrode functions as post-
synaptic output terminal, similar to a dendrite. The functionalities of a
biological synapse can be mimicked by modulating the channel con-
ductance that functions as a synaptic weight, through the application
of voltage pulses to the gate (presynaptic) and drain (postsynaptic) ter-
minals. The performance of a synaptic device, however, depends on
various factors, including the device structure, the materials used for
the active channel, operational stability, synaptic behaviors, and energy
consumption per synaptic event.101

B. Materials, architectures, and operations

The iontronic performance of a fluidic transistor is determined
by the ion transport behavior across the system, which is critically
determined by the properties of ion channels and gate electrodes.
Synthetic ion channels in a fluidic transistor system are often in the
form of nanopores, nanochannels, and nanotubes composed of poly-
meric (polyimide and polycarbonate) and inorganic ceramic materials
(silica and alumina). They are fabricated by various methods such as

FIG. 13. Fundamental principles of fluidic transistors. (a) A representative setup of a fluidic transistor consisting of a cone-shaped nanochannel, and three terminal electrodes
immersed in an electrolyte solution. (b) Illustration of the electrical double layer (EDL) formed on a negatively charged nanochannel wall. (c) Current–voltage (I–V) profile of a
fluidic transistor.
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lithography, ion beam sculpting, chemical and electrochemical etching,
ion track etching, chemical vapor deposition, and self-assembly. These
techniques allow the versatile tuning of the geometrical shape, size,
and symmetry of synthetic nanochannels.102–104 Note that some fluidic
transistors featuring geometrically asymmetric nanopores and inho-
mogeneous surface charge distribution exhibit diode-like rectifying
behavior.105–107 To provide the fluidic transistor system with electrical
responsiveness for the modulation of ionic current via external vol-
tages, the synthetic ion channels are usually integrated with electrical
conductors by sputtering, spin coating, electropolymerization, or elec-
troless deposition.95,100,104 Based on the type of conducting materials
employed as gate electrodes, these fluidic transistors are classified into
inorganic, inorganic/organic, and organic fluidic field-effect transis-
tors.100 For an inorganic fluidic transistor, track-etched polycarbonate
and polyester membranes, silica-based nanochannels, and silicon
nitride nanopores are modified with a layer of metal or metal oxides
(i.e., gold and titanium nitride), the surface charge density of which
can be tuned by an externally applied gate potential.108–116 Upon an
applied gate voltage, the alignment of its polarity in the same or oppo-
site direction as the native surface charge of synthetic ion channel
results in an increment, neutralization, or reversal of surface charge
polarity, which in turn modulates the ionic current.117 A representative
example of inorganic fluidic transistor is provided in Fig. 14(a).109

Track-etched or alumina membrane-based inorganic/organic fluidic
transistors consist of both metal and polymer layers for their respective
electrical conductivity and redox properties, as displayed in Fig. 14(b).

Their gating principle is based on the redox transformation of the
electroactive polymer and the associated change in its physicochemical
properties at the channel entrance surface. The oxidation/reduction of
electroactive polymer induced by an applied gate bias leads to a localized
variation in its surface charge, volume and hydrophobicity, modulating
the resulting ionic current signals.118–123 In contrast to the other types of
transistors, organic transistors are made up of synthetic ion channels
functionalized with only organic molecules, i.e., polymers with high elec-
trical conductivity. The ion transport properties of organic transistors are
controlled by the net charge variation of the conducting polymer related
to its redox states at different gate biases, as shown in Fig. 14(c). The
resulting diffuse layer at the polymeric interface exhibits counterions
screening, regulating the ionic selectivity of organic transistors.124,125 In
addition to the aforementioned fluidic transistors, two dimensional mate-
rials (e.g., graphene oxide, molybdenum disulfide, transition metal car-
bides, or nitrides) featuring subnanometric channels between the
stacking layers within the laminar membrane are also employed in ionic
transistors as they exhibit ultrafast ion transport and higher selectivity for
better gating effect.126–129 The gate electrodes in ionic transistors can be
wrapped around the nanochannel, located on one side of the nanofluidic
membrane or in the middle of a nanopore, which have an impact on the
ion concentration polarization in the EDL and its concomitant ionic cur-
rent.107,130 The interplay between the design of nanofluidic transistors
(i.e., gate electrode, electroactive polymer, and channel geometry) and
electrolytes also enables the switching of ion transport behavior among
Ohmic, anion-driven, and cation-driven regimes.126,131

C. Recent advances in other fluidic computing
components for neuromophic applications

By harnessing ions as signal carriers, fluidic field-effect transistors
can emulate neuron and synapse functions such as long- and short-

term memory, biological oscillations, and action potential-based pulse
signals, to achieve neuromorphic computing.95 Voltage-gated potas-
sium channels in neurons are involved in establishing resting mem-
brane potential and action potential waveform, as well as regulating
the release of neurotransmistters, through the closing, opening, and
activation of channel states controlled by membrane voltage.132

Funnel-shaped nanochannels composed of PET modified with 4’-ami-
nobenzo-18-crown-6 (4-AB18C6) were fabricated to mimic these
potassium channels. The underlying working principle of this system
was based on the release of bound potassium (Kþ) ions from the 4-
AB18C6 functional layer upon the application of an external voltage.
The gating ability of 4-AB18C6-functionalized nanochannels was
established by a decrease in gating ratios from 1.0 to 0.25 based on the
ratio of ionic currents before and after addition of Kþ at a gate poten-
tial of6 1.4 V. The voltage-responsive characteristic of the Kþ-
activated gating nanochannel was demonstrated by the varying ionic
currents at different applied bias from the change in surface charge
properties and wettability induced by the release of Kþ from the 4-
AB18C6 layer. This led to a higher ionic current as the nanochannels
transit from closed to opened state.133

The potential neuromorphic application of bioinspired carbon
nanotube-based nanofluidic ionic transistors was demonstrated
through the construction of ionic logic circuits. Asymmetric (ACNT)
and symmetric (CNT) carbon nanotubes were used to construct uni-
polar and ambipolar nanofluidic ionic transistors, respectively, with
the integration of anodic aluminum oxide as a dielectric layer. The ion
transport across CNT was governed by the applied gate potential: (i) at
positive potential, the negative charges on CNT was neutralized with a
reduction in ion carrier concentration and hence OFF state; and (ii)
negative potential promotes the formation of more negative charges
on CNT with an increase in ion flow and hence ON state. The gating
ratios of ACNT as unipolar ionic transistor and CNT-based ambipolar
ionic transistor were determined to be 104 and 479 at a gate potential
of 1V, respectively. Using CNT-based nanofluidic ionic transistors, a
logic circuit system comprising NOT, NAND, and NOR gates was
constructed, where their output logic states were modulated by exter-
nal gate voltages.134

Similar ionic gate circuits, i.e., NOT, NAND, and NOR, for neu-
romorphic signal processing were also achieved by a two-dimensional
nanofluidic ionic transistor based on a MXene membrane (Fig. 15).
The nanochannels created by the interlayer spacing of the multilayered
MXene membrane featured high surface charges from C–O and
C¼Omoieties, enabling the switching between ON and OFF states by
modulating the unilateral gate voltage from negative to positive values.
A gating ratio as high as 2000 was reached at gate potentials of 61V
in 1mM KCl electrolyte. The transitional conductivity between n-type
and p-type was demonstrated through the manipulation of the bias
voltage vector, establishing the bipolar characteristics of MXene-based
ionic transistors. This bipolar state was altered to unipolar when the
degree of structural asymmetric increased with the thickness of MXene
membrane. As a proof-of-concept, a PET/MXene asymmetric com-
posite membrane-based ionic transistor with unipolar properties, char-
acterized by a switchable ON/OFF state at negative bias but only OFF
state at positive bias, was used to realize the basic NOT gate with the
integration of a resistor. It produced an output signal of 0.5V at the
OFF state when an input signal of 0V was introduced. Conversely, the
output signal dropped to 0V when the ionic transistor in the NOT
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gate was at its ON state under an input signal of 1V. Complex NAND
and NOR logic gates were further realized by integrating MXene-based
ionic transistors with diodes and resistors, which could be applied to
the building of ionic circuits with higher complexity for brain-like
computing.135

The synaptic plasticity of neuronal synapse is measured by the
change in the strength of synaptic junctions, i.e., synaptic weight, with
electrical action potential spikes, defining the efficiency of information
processing between neurons. To realize neural plasticity, synaptic ion-
tronic devices use directional movement of ions and conductance
change under pulse signals to simulate spike-induced synaptic weight
change.36 Based on this concept, an artificial synapse based on inor-
ganic/organic transistor was realized and its synaptic plasticity was
selectively modulated by the enzymatic reaction between glucose and
glucose oxidase (GOx). In this fluidic transistor (Fig. 16), poly

(3,4-ethylenedioxythiophene):poly(styrene sulfonate) (PEDOT:PSS)
was used as postsynaptic channel and gold/chromium (Au/Cr) as gate
electrodes. These gate electrodes were decorated with a mixture of
GOx, single walled carbon nanotubes and platinum nanoparticles to
provide specific recognition toward glucose. The conductance (synap-
tic weight) of PEDOT:PSS postsynaptic channels was regulated by the
transport of injected ions from the aqueous electrolyte through the
application of gate potentials. Cations introduced into the channel
under positive gating voltage filled in the holes in the PEDOT back-
bones and caused a decrease in channel conductance, inferring an
inhibitory postsynaptic current (depression behaviors). Conversely, an
excitatory postsynaptic current (potentiation behaviors) was triggered
by negative gate voltage pulses. Short-termmodulation of channel con-
ductance was attained at a single positive voltage pulse (0.3V for 2 s)
in the absence of glucose in phosphate-buffered saline (PBS)

FIG. 14. Representative examples of fluidic transistors of different materials and architectures. (a) Inorganic fluidic field-effect transistors: (i) silicon nitride-based nanopore
(green) device surrounded by titanium dioxide gate dielectric (orange) and titanium nitride gate electrode (yellow); I–V responses under different applied gate voltages ranged
from (ii) –1 to 0 V; and (iii) 0 to 1 V. Reprinted (adapted) with permission from Nam et al., Nano Lett. 9, 2044–2048 (2009). Copyright 2009 American Chemical Society.109 (b)
Inorganic/organic fluidic flied-effect transistors: (i) poly(ethylene terephthalate (PET)-based nanochannel modified with layers of gold and poly-ortho-aminophenol; (ii) character-
istic I–V profiles as a function of gate voltages in potassium chloride (KCl–left) and potassium sulfate (K2SO4–right) solutions. Reprinted (adapted) with permission from
Laucirica et al., Nanoscale 15, 1782–1793 (2023). Copyright 2023 Royal Society of Chemistry.122 (c) Organic fluidic field-effect transistors: (i) PET-based nanochannel modified
with a layer of PEDOT conductive polymer and their (ii) I–V profiles in response to gate voltages of –0.6 V (left), –0.2 V (middle), and 0.8 V (right). Reprinted (adapted) with per-
mission from P�erez-Mitta et al., Adv. Mater. 29, 1700972 (2017). Copyright 2017 John Wiley and Sons.124
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FIG. 15. MXene-based fluidic transistor for neuromorphic signal processing. (a) Schematic of symmetric ionic transistor composed of two-dimensional MXene membrane and
its OFF and ON state under a transmembrane potential of6 138mV. (b) SEM cross-sectional view of MXene membranes with thicknesses of 4 and 7.5 lm. (c) Electrical char-
acterization of symmetric MXene-based ionic transistor in terms of (i) I–V curves at gate voltages in the range of –1 to 1 V and (ii) the corresponding gating ratio. (d) Electrical
characteristics of asymmetric MXene-based ionic transistor modified further with PET determined by (i) I–V profiles acquired at different gate voltages (–1 to 1 V); (ii) their
respective gating ratios; and (iii) gating performance and stability under alternating –1 and 1 V gate voltage. (e) Neuromorphic signal processing using logic gates with MXene/
PET composite ionic transistor: (i) illustration of signal procession of a nerve cell and the truth table of basic logic “NAND” and “NOR” gate; (ii) equivalent circuit of ionic “NAND”
and “NOR” gates with the connection to diodes and resistors; (iii) experimental signal integration performance of ionic logic gates. Reprinted (adapted) with permission from
Mei et al., Angew. Chem. Int. Ed. 63, e20241477 (2024). Copyright 2024 John Wiley and Sons.135
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FIG. 16. An artificial synapse based on ionic transistor. (a) The construction of artificial synaptic device based on PEDOT:PSS and Au/Cr gate electrodes modified with Pt nano-
particles and glucose oxidase; (b) Schematics of the working principle of the proposed artifice synapse based on the conductance change induced by the oxidation of glucose:
(i) short-term modulation of device conductance by Vapp; (ii) long-term modulation of device conductance by glucose oxidation. (c) Electrochemical characterization of the artifi-
cial synapse showing (i) short-term and long-term modulation of conductance by a single voltage pulse in PBS solutions with different glucose concentrations; (ii) the synaptic
performance at different pulse duration in PBS solution. (d) Memory and learning ability of the synaptic device at various conditions: (i) PBS solution with 0 and 500 lM of glu-
cose; (ii) different numbers of successive pulses (5, 10, and 15); (iii) PBS solution containing different biomolecules of 500 lM (fructose, urea, and lactic acid); and (iv) alternat-
ing positive and negative pulses (20 cycles) for long-term potentiation and depression. (e) Synaptic behavior of the proposed device in human blood serum: change in device
conductance as a function of (i) pulse amplitude and (ii) pulse duration; (iii) cumulative de-doping and memory effect in normal and diabetic serum under positive successive
pulses; and (iv) cumulative doping and memory effect in normal and diabetic serum under negative successive pulses. Reprinted (adapted) with permission from Xu et al.,
Angew. Chem. Int. Ed. 62, e202302723 (2023). Copyright 2023 John Wiley and Sons.136
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electrolyte, where the conductance returned to its initial state immedi-
ately when the voltage pulse was removed. However, the induced con-
ductance change exhibited both long- and short-term modulation
under the same voltage pulse with the presence of glucose in the PBS
electrolyte. A conductance change of 2756 19 lS was observed when
1mM of glucose was added to the PBS, which attained for> 25 s after
the removal of the voltage pulse. This long memory retention (depres-
sion behavior) was attributed to the irreversible oxidation of glucose
and hydrogen peroxide by-products. The selectivity of the proposed
transistor was demonstrated by the absence of long-term conditioning
of channel conductance in the presence of urea, lactic acid, and fruc-
tose, emulating the specificity of postsynaptic membranes. To mimic
memorizing and learning behavior in biological nerve systems, 5 suc-
cessive positive gate potential pulses were applied to the PEDOT:PSS
transistor in glucose-containing PBS electrolyte. This resulted in a
cumulative de-doping of the PEDOT:PSS channel, which gave rise to
memory and retention effects that could be further enhanced by
increasing the voltage pulse series. The proposed transistor also
showed enhanced synaptic behavior in blood serum at a higher glucose
concentration (i.e., diabetic serum), implying potential in vivo applica-
tions as artificial neurons.136

Sabbargh et al. have successfully assembled iontronic circuits by
integrating multiple bipolar polyelectrolyte (pDADMAC and
pAMPSA) diodes as ionic logic gates. Two different individual diode-
based logic gates (DLG), i.e., OR DLG and AND DLG were con-
structed in the form of microfluidic chips, where the former has the
conductive direction of the diodes faced inward to the center of circuit
and outward for the latter. Note that the operating condition of logic
gate circuit was optimized based on the characteristic of single poly-
electrolyte diode in terms of rectification ratio, applied voltages, resis-
tor–capacitor time constant. OR DLG produced a high potential when
at least one of its inputs was of high level whereas the output of AND
DLG was of low logic level depending on how and which input was
low. They also demonstrated logic computation by integrating multiple
iontronic DLG in a parallel and series. The parallel circuit consists of
two OR DLG with three inputs and two outputs whereas the series cir-
cuit has the output of AND DLG connected to one of the two inputs
of OR DLG. They were able to maintain the correct output logic level
for all 23 possible input sequences. The performance of two-stage cas-
cade with three DLGs of different combinations were also investigate,
which showed reliable output results. However, the cascading of four
OR DLG in series resulted in false logic readout.137

They have also used a similar polyelectrolyte-based system, but
with the integration of fluorescence cationic and anionic dye mole-
cules, to perform Boolean operation of an ionic OR logic gate (Fig. 17).
Low (0) and high (1) logic inputs were realized by applying 0 and 1V,
respectively, where the output readouts have their logic levels based on
measure potential or fluorescence intensity. Each input of the OR logic
gate was connected through a diode to an interconnecting
polyelectrolyte-filled readout spot. The addition of fluorescence dye
into one or both input, logic level 1, resulted in flow of current through
the forward-biased diodes and a voltage decrease was induced (logic
output 1). These studies have provided the fundamentals to enable the
realization of more complex and advanced ionic computing
functions.138

Throughout the review we have emphasized that the memristive
property of fluidic nanochannels, composed of rectification and

hysteresis, enables the functionalities of synapses, with more or less
volatile qualities according to the relaxation time s that determines the
retention times. The other essential component for biology-like com-
putation is the neuron. In a neuromorphic system, a neuron functions
as a node that integrates incoming signals from other connected neu-
rons. Natural neurons communicate through spiking signals, which
are brief electrical impulses called action potentials. These signals origi-
nate from voltage-gated ion channels located in the neuron’s mem-
brane. These channels regulate the flow of ions (such as sodium,
potassium, and calcium) in and out of the neuron, which generates
and propagates electrical activity. The spiking signals, which mimic
biological synaptic inputs, can be excitatory (increasing the likelihood
of activation) or inhibitory (decreasing it). The neuron accumulates
these inputs over time, similar to how a biological neuron integrates
synaptic potentials. Once the combined input reaches a certain thresh-
old, the neuron fires an output signal (a spike), which is then transmit-
ted to downstream neurons. This process enables neuromorphic
systems to efficiently perform computations in a brain-inspired man-
ner, such as pattern recognition and learning.

The main reference for the operation of natural neurons is the
Hodgkin–Huxley (HH) model that mathematically describes the pro-
cess of spiking using four differential equations.57,139,140 This model
captures the temporal dynamics of protein ion channels by accounting
for:

1. The neuron’s membrane potential (voltage across the membrane).
2. The gating variables that control the opening and closing of ion

channels.
3. The ionic currents carried by sodium ions (Naþ), potassium ions

(Kþ), and a small leak current.
4. The changes in conductance over time due to these ion flows.

By solving these equations, the HH model accurately replicates
how neurons generate and transmit spikes, making it a fundamental
framework for understanding neural excitability and neuromorphic
computing.

Clearly, the fluidic nanochannels form an ideal framework to
reproduce the functionalities of natural neurons to form biologically
faithful spiking neural networks, since both are based on ionic proper-
ties through narrow channels. However, memristive properties
described before are not sufficient to form spiking. To obtain a self-
sustained oscillation, mimicking the repetitive action potential, under a
constant stimulus, the fluidic device needs to have the property of a
bifurcation.141,142 It means that the system contains a sudden dynami-
cal change under a small variation of a parameter. In neuronal dynam-
ics and electrochemical systems this feature requires that the system
contains a negative resistance that destabilizes the system to form the
oscillatory behavior.143 Several results have been presented of potential
neuron elements based on fluidic nanochannels, using two different
strategies:

i. Creating a spiking system based on two equations. This method
starts from Eqs. (1) and (2) and introduces a negative resistance
feature.144 A full characterization of the bifurcation properties
indicates the plausible regimes of parameters of the nanopore.145

The result is an oscillatory voltage as in the traditional electro-
chemical oscillation systems.146 The advantage of this method is
that it is formed with a single pore.
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ii. Reproducing the full HH model.24,29 This method requires
to combine several nanochannels to mimic the separate
action of potassium and sodium channels. Again, this method
necessarily requires a negative resistance effect (which in HH

model is in the sodium channel). This method is more
complex than (i), but it can produce more elaborated spiking
and bursting neuronal patterns with advanced biological
functionalities.

FIG. 17. Integration of iontronic logic gates using polyelectrolyte-based diodes. (a) A microfluidic diode consisting of two microchannels joined by a narrow junction interfacing
anion- and cation-exchange polyelectrolytes, characterized by hysteresis loops in I–V curve. (b) Single bipolar diode gating for anionic (1 lM) and cationic (5 lM) dye with
anion- and cation exchange polyelectrolyte spot, respectively. The fluorescence intensities measured on the spot were translated into logic level of 0 and 1 corresponding to dif-
ferent bias (reverse: –1 V, forward: 1 V, and no bias: 0 V). (c) Microfluidic OR logic gate using diode with the truth table of OR gate. (d) Schematic showing three diodes-
integrated OR logic gate with two inputs of 0 (low) and 1 V (high), and an output readout region. The introduction of cationic (left) and anionic (right) fluorescence dye into the
system at different input induced different fluorescence effect at the readout spots, which were summarized in the truth tables. Reprinted (adapted) with permission from
Sabbagh et al., Faraday Discuss. 246, 141 (2023). Copyright 2023 Authors; licensed under a Creative Commons Attribution (CC BY) license.138
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To our knowledge, a practical realization of these neuronal sys-
tems has not been reported yet.

IV. OUTLOOK AND CONCLUSIONS

Fluidic iontronics, inspired by signal transmission mechanism of
biological synapses, has emerged as a promising approach to comple-
ment current solid-state computing technology, advancing the field of
neuromorphic computing and extending the field of AI to systems
based on brain mechanisms. The adaptation of ions as signal carriers
in fluidic iontronics enables a more energy-efficient, stable, flexible
mean of realizing synaptic functionalities and delivering new comput-
ing capabilities based on the diversity of ions and their distinct chemi-
cal properties. Through the regulation of ionic behavior under
confinement, fluidic iontronic architectures such as ionic transistors
and memristors have achieved bioinspired logic functions and brain-
like neural signals. Nonetheless, the existence of a wide variety of ions
with their own unique characteristics poses significant challenges to
precise and effective regulation of ions as well as accurate information
reading and processing. Further investigation into the fundamental
mechanisms associated with ion diffusion, equilibria, and transport
that govern the ionic memory and logic operation in these fluidic devi-
ces is required to gain a deeper understanding of the correlation
between device architecture (i.e., surface charge and channel geometry)
and system performance (i.e., gating ratio, memory timescale, and hys-
teresis magnitude). This would enhance the ability of these fluidic devi-
ces to perform higher-complexity neuromorphic functions while
solving challenges related to scalability and interconnectivity. The
capability and robustness of synaptic iontronic devices could also be
expanded by (i) coupling with electronics to address some of their
inherent limitations correlated with ion mobility and size; (ii) using
multiple types of ionic carriers to develop fluidic neuromorphic devices
with ion-specific readouts for many different possible states, instead of
simply ON or OFF states; (iii) adopting a biocompatible or implantable
device structure for potential autonomous control by biological sys-
tems and direct communication with biological signal and regulatory
pathways; (iv) large-scale integration of fluidic transistor and memris-
tor systems into a compact interconnected array network for broader
parallel operations of complex neuromorphic computing tasks; and (v)
implementing artificial neural network models such as grow-when-
required and convolutional neural networks for the incorporation of
dynamic and adaptive features in fluidic brain-like computing. While
neuroplasticity such as Hebbian learning has been demonstrated by
fluidic synaptic systems, there is still more to explore and optimize in
terms of physics, chemistry, electronics, and materials science.
Advanced lithography processes and flow engineering could be
adopted to develop nanofluidic electronics, by implementing fluidic
capillaries, spring probe-based electrical contacts, and extended gate
configuration in very-large-scale integration (VLSI) processes. The
seamless integration of theses fluidic elements with conventional elec-
tronics could be facilitated by using CMOS-compatible materials. By
training the network on-chip through learning, each component in the
fluidic systems could be tuned by taking the characteristics of each ele-
ments into consideration to leverage device variability. The implemen-
tation of algorithm could also compensate device variations. These
advances will be needed to achieve precise recognition of input pulses
with temporal proximity and realize more complex neuronal func-
tions. Furthermore, the micro- and nanofabrication techniques used to
produce fluidic systems are well-established and industrial scalable,

making large-scale production possible. Although the ion–surface
interaction kinetics in fluidic neuromorphic systems might impact
their long-term stability and reliability, lab-scale fluidic systems have
demonstrated promising performance stability and device reusability
when clean and store appropriately, suggesting their potential long-
term practical deployment. By choosing the appropriate materials to
fabricate fluidic neuromorphic systems not only the stability and dura-
bility could be improved but also help to reduce production cost.
Nonetheless, it is undeniable that artificial channel-based fluidic sys-
tems have the potential to deliver synaptic functionalities for neuro-
morphic computing with energy- and performance-efficiency
comparable to that of biological neurons, paving the way for next-
generation computing devices in this era of big data.
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