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Opportunities for 2D-Material-Based Multifunctional
Devices and Systems in Bioinspired Neural Networks

Jin Feng Leong, Maheswari Sivan, Jieming Pan, Zihang Fang, Jianan Li, Zefeng Xu,
Shi Zhao, Quanzhen Wan, Evgeny Zamburg, and Aaron Voon-Yew Thean*

The growing demand for intelligent, real-time systems pushes artificial
intelligence beyond the confines of centralized data centers toward
distributed, edge-based applications such as autonomous robotics, mobile
platforms, and loT sensors. However, the energy and space requirements of
conventional artificial intelligence (Al) hardware such as graphic processing
units and Al-specific application-specific integrated circuits, pose
fundamental limitations for deployment at the edge. Bioinspired computing
offers a compelling alternative, emulating the efficiency and adaptability of
biological systems to achieve low-power, real-time intelligence. Among these
approaches, spiking neural networks stand out for their sparse, event-driven
computation and have demonstrated orders-of-magnitude energy efficiency
gains on neuromorphic platforms such as SpiNNaker and Intel’s Loihi. Yet, to
realize the full potential of bioinspired intelligence in edge environments, a
new class of customized hardware is imperative. Emerging innovations in
material science, particularly the integration of 2D materials, can enable the
design of compact, reconfigurable neuromorphic devices that mimic complex
neuronal dynamics with minimal power consumption. These advances

1. Introduction

In the era of accelerated artificial intelli-
gence (Al) computing and the proliferation
of generative models, neural-network-based
algorithms have become the dominant
paradigm, driving breakthroughs across
vision, language, and decision-making
tasks.['?] Convolutional neural networks
are foundational for spatial tasks such as
image classification and object detection.
Recurrent neural networks, including long
short term memories (LSTMs) and gated
recurrent units (GRUs), have excelled at
modeling temporal dynamics in sequential
data like speech and time series. Lately,
transformers, driven by self-attention
mechanisms, have achieved state-of-the-art
results in natural language processing
and are expanding into vision domains!®!
due to their ability to model long-range

promise a new generation of scalable, multifunctional edge Al systems that
are capable of perception, adaptation, and autonomous decision-making,
heralding a transformative leap in energy-efficient computing for pervasive
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dependencies in parallel. As these mod-
els scale in depth, width, and parameter
count, their computational demands have
increased exponentially. This has spurred
significant interest and investment in
high-performance, energy-intensive data
processing  architectures,  particularly
graphics processing units and Al-specific
application-specific  integrated circuits,
such as Google’s tensor processing unit
(TPU)*l and NVIDIA’s H100,>®! which are designed for massive
memory bandwidth and ultrafast data movement. These architec-
tures have become the backbone of modern Al infrastructure, en-
abling the training and deployment of large-scale models across
data centers and research labs. However, the insatiable thirst for
intensive computation resources and energy of such approaches
are increasingly seen as unsustainable and are fundamentally in-
compatible with processing at the edge, where energy supply and
area are constrained.

Unlike conventional models, bioinspired computing designs
computer algorithms and models based on biological mecha-
nisms and living phenomena. This bioinspired approach of-
fers a compelling alternative architecture for energy-constrained
and real-time intelligence at the edge. For example, genetic
algorithms!”] optimize desired objective by mimicking natural se-
lection, artificial bee colony algorithm!®! explores the search space
using the collective behaviors of bee colonies, and spiking neural
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Figure 1. Spiking neural network architecture. In spiking neural networks, the processing of the data can be divided into three categories, encoding data
into spikes, synaptic computation, and neurons. Data obtained from visual, sound, and chemical sensors need to be encoded into spike signals through
various methods that include rate coding and temporal coding.[??! Subsequently, the encoded spikes signals will pass through the excitatory synaptic
connections that strengthen connections between data nodes and the neuron for data nodes with higher data intensities. After the accumulation of
sufficient spikes from the synapses such that the neuron membrane potential exceeds the threshold potential, the neuron fires spikes.

networks (SNNs)®! learn through discrete input spikes similar
to the functioning of the biological brain, enabling sparse com-
putation that can significantly reduce energy consumption. With
the rise of physical agentic Al robotics, and distributed IoT sen-
sors, a hierarchical integration of algorithms and modalities will
become increasingly important with the growing need for data
generation and preprocessing at the edge.[%]

The event-driven nature of SNNs that supports real-time,
asynchronous processing with minimal overhead, makes them
prime candidates of bioinspired computing for effective next
generation of edge and agentic Al systems (e.g., autonomous
drones, continuous monitoring systems, etc.). For instance,
chips like BrainScaleS-2,/'!] SpiNNaker,'?l and Intel’s Loihi se-
ries chips!*'*l implement networks of spiking neurons in sili-
con. By leveraging spike-based computation, such systems have
demonstrated energy usage orders of magnitude lower than con-
ventional deep learning hardware. Intel's Loihi family!'>!%l has
demonstrated more than 50x speed up and at least 100X energy
reductions on sparse, event-driven workloads such as constraint
satisfaction, sparse coding, and other recurrent/temporal prob-
lems that align with spiking computation. For the future devel-
opment of multiperception Al, innovations in customized hard-
ware for advanced SNN implementation are required. This can
benefit with exploration into novel materials such as 2D mate-
rials (2DMs) for the development of a new class of nonvolatile
memories (NVMs) that can be used compute-in-memory which
saves energy by minimizing data transfer. Early works of 2DM-
based NVMs used in in-memory compute approaches have al-
ready shown ~10* gigaoperations (GOP) s™! W1, which is 10x
more energy efficient than traditional static random-access mem-
ories (SRAM) counterparts.['”:#] Furthermore, 2DMs can offer
unique properties that cannot be found in bulk materials. These
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properties can open new opportunities for the creation of mul-
tifunctional devices. Low chalcogen vacancy migration energies
and ambipolarity (n/p) of 2DMs enable the development of re-
configurable memtransistors!*®! for bioinspired edge processing
systems with tunable excitatory and inhibitory synapses. Second,
leveraging on the enhanced charge confinement and low elec-
tronic screening in ultrathin channel bodies, single neuron im-
plementations of 2DM can demonstrate greater energy savings
and complex neuron models such as Hodgkin-Huxley with sig-
nificantly smaller footprint than their silicon counterparts./1*2°]
Therefore, the multifunctionality, device count reduction, power
efficiency, accelerated learning, and even noise resilience offered
by novel materials, devices, and codesigned systems will be key
in supporting the next phase of multiperception AL[2!]

This article will discuss the opportunities and challenges of
new material, device, and systems in bioinspired computing. Re-
search and development in 2DMs and SNN algorithms will be
used as a vehicle for in-depth evaluation and discussion. Through
this discussion, we hope to show that the advantage of 2DM over
other semiconducting bulk materials lies in the capability of cre-
ating novel multifunctional devices that enables reduction in im-
plementation footprint and improvements of energy efficiency in
SNN-based architectures.

2. Limitations of Digital Implementations of SNNs
and Opportunities with 2D Materials

Bioinspired computation like SNN (Figure 1) processes informa-
tion via discrete, time-dependent “spikes,” closely mimicking the
event-driven communication of biological neurons. Each neu-
ron integrates incoming current until its membrane potential
reaches a threshold, at which point it emits a brief voltage spike
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and then resets. This temporal dynamics enables SNNs to en-
code information in the rate of spikes produced or time of spike
production,??! yielding rich representational power with high
energy efficiency. During the training of these synapses, Heb-
bian and anti-Hebbian learning provide the local, spike-based
synaptic update rules to ensure excitation—inhibition balance and
unsupervised feature learning.’! Hebbian plasticity strengthens
the synaptic connection between two interlayer neurons when
their activations are correlated. By contrast, anti-Hebbian learn-
ing weakens the synaptic connection when activations are uncor-
related. Finally, neurons integrate the signals received from the
synapses, and fire forward once attaining a threshold to the next
layer of neurons. The network of neurons will eventually achieve
learning, logic, and even reasoning.

2.1. Existing Implementations of Spiking Neural Networks and
Its Limitations

Due to the largely parallel computation across multiple synapses
and neurons in an asynchronous fashion, traditional von Neu-
mann serial computing systems are noncompatible with the
computation of SNNs on the hardware level. This has led to the
development of specialized digital neuromorphic chips like Loihi
that parallelized computing through a mesh network of compu-
tational cores, 31 giving rise to a significant reduction in com-
putational latency and improved energy efficiency.?!! However,
such chips will eventually reach a limit in scaling down foot-
print and power due to the excessive number of devices required
to implement synapses and neurons. Specifically, they use digi-
tal SRAMSs for synaptic computation that are area-inefficient and
drive up implementation area.['>!*] The volatile nature of SRAMs
also leads to high off-state power to maintain the memory state
which raises power consumption.[?}l Neuronal implementations
also take up at least 18 transistor devices per neuron, further
exacerbating the problem with footprint and power.**] In com-
parison, the coupling of emerging devices with novel computing
architectures can lead to significant reductions in footprint and
power for synaptic and neuron computation. Emerging NVMs!#!
such as memristors(?>2%l and memtransistors!?’-?°! offer a lower
device count (from six devices per cell to one) for memory, which
is significantly more efficient than SRAM. These advantages on
the device level can be extended through the novel computing
architecture such as in-memory computing (IMC). Emerging
IMC-based neuromorphic chips have utilized NVMs to achieve
at least 10 times improvement in performance density in GOP
s~ mm~2 compared to SRAM-based chips.['®] These IMC-based
neuromorphic chips have also demonstrated a significant power
efficiency on learning tasks compared to their digital counter-
parts that utilize SRAMs.!8] Particularly, novel NVM-based neu-
romorphic chips show on average 10° GOP s~' W~! which is
100 times higher than their SRAM counterparts.[®! For tackling
the issue of a large neuron footprint, recent bioinspired imple-
mentations have also looked at potential single silicon neuron
device implementations.[?*3%] Hence, there is potential to further
drive down the energy and area consumption of bioinspired com-
puting through research into novel NVMs and potential single-
device neuron candidates.
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2.2. Opportunities with 2D Materials in Multifunctional Devices
for Spiking Neural Networks

The exploration of novel device candidates for bioinspired com-
puting can benefit from research into new materials that can
offer additional functionalities that are lacking in state-of-the-
art silicon complementary metal oxide semiconductors (CMOS).
Emerging 2DMs hold promise in overcoming several limitations
of silicon and other potential semiconducting materials candi-
dates like semiconducting transition metal oxides (TMOs) in the
development of multifunctional devices for SNNs, which will be
discussed in this section. We limit our discussion of 2DMs to
MoS, and WSe, as they are the materials in line with the Inter-
national Roadmap for Devices and Systems roadmap and have a
propensity for industry adoption in the future.3!l

While silicon has seen widespread use in transistor electron-
ics, it is not an ideal material for multifunctional memtransis-
tors that have potential for compact implementation of complex
synaptic functions.[??$51] As shown in literature, the creation of
memtransistors can be made through a few approaches, namely,
resistive switching through electric-field-induced dopant migra-
tion, phase change, and ferroelectrics. Vacancy-modulated mem-
transistors are known to leverage on chalcogen (O, S, Se, Te)
vacancy—charge carrier electrostatic interactions and electrostatic
movement of chalcogen vacancies with n-doping properties for
memory storage.*!l Silicon is not suitable for construction of
memtransistors as silicon vacancies have high vacancy forma-
tion energies (=4.0 eV in Table 1) and they also do not dope
the material to elicit conductivity changes for memory storage.
Furthermore, silicon dopants, such as boron (B) and phospho-
rus (P), have high dopant diffusion activation energies of 3.12
and 2.74 eV, respectively (in Table 1), which will require high
electric field to move. This would lead to high operational volt-
ages. On the other hand, 2DMs possess ambipolarity (n/p) tun-
ability, relatively low chalcogen vacancy formation energy, and
low dopant diffusion energies that can used for multifunctional
vacancy-modulated memtransistors.[?28] Specifically, the chalco-
gen vacancies of 2D-MoS, and WSe, are ~2.8 eV (Table 1), which
is significantly lower that of silicon, enabling vacancy formation
without excessive damage to the device channel that would limit
transistor operations. In addition, the vacancy migration ener-
gies of 2DMs are =3 times lower than that of silicon extrinsic
dopants (Table 1), which can lower operational voltages of mem-
transistors. Although the dopant diffusion energy of O vacan-
cies and vacancy formation energies in TMOs are around the
same as 2DMs, they lack ambipolarity (n/p) due to their mostly
large bandgap (Table 1) to leverage carrier—vacancy electrostatic
interactions for additional memtransistor functionalities such as
Hebbian/anti-Hebbian tunability.””] Due to the high switching
energies and low carrier mobility even in their crystalline state,
phase change materials also face limitations in their potential as
memtransistor devices. Furthermore, as the resistive switching
mechanism of phase change is temperature-dependent, it is a
challenge to couple charge carrier dynamics with phase change
resistive switching mechanism to introduce multifunctionality in
memtransistors. For organic semiconductors,®?! the disordered
crystalline order in organic semiconductors limits their carrier
mobilities.??! This would limit the potential of transistor func-
tionality in memtransistors. While traditional ferroelectrics are

© 2025 The Author(s). Small published by Wiley-VCH GmbH

95UB017 SUOLILIOD 9ATE81D) 8|cedldde ay) Aq peusenob afe Sapile VO ‘SN J0SaIN1 10} Afeuq1]8UUO A1 UO (SUOTHIPUOD-PUE-SWLISYW0D" AS 1M Ale.d] 1 |BU1|UO//:SANL) SUORIPUOD Pue SWB | 8y} 89S *[9202/T0/ET] Uo Akeiqiautiuo As(1m ‘ABojouyoe | % 80us1ds JO A1sieAiun Buoy BuoH ay L Ag 889905202 11WS/Z00T OT/I0p/W0d" A8 |1 Akeiqipuljuo//sdiy wouy pspeojumod ‘0 ‘6289£T9T


http://www.advancedsciencenews.com
http://www.small-journal.com

ADVANCED
SCIENCE NEWS

Juill

www.advancedsciencenews.com

www.small-journal.com

Table 1. Comparison of common semiconducting materials candidates for electronics. For transition metal oxides, indium gallium zinc oxide (IGZO) is
chosen for comparison as a common n-type semiconducting transition metal oxides (TMOs). Nickel oxide (NiO) is chosen as a common semiconducting
candidate for p-type TMOs. For 2D materials, the MoS, and WSe, are chosen as the materials for comparison given their huge interest for semiconducting
electronics from the industry. HZO is hafnium zirconium oxide and GST is germanium antimony telluride.

Material properties Silicon Transition Organic Traditional Traditional phase 2D materials
metal oxides ~ semiconductors  ferroelectrics change materials (MoS, and WSe,)
(NiO, 1GZ0) (HZO) (GST)
Ambipolar (n/p) Yes No Yes(32] No Yes(33] Yes
Dopant/vacancy diffusion Boron (B) (3.12)34] O vacancy - ~0.45-0.65[37:38] ~213940] S vacancy (~0.66)[2°]
energy/domain/phase change Phosphorus (P) (2.74)133] (~0.85)36] Se vacancy
energy [eV] (~0.7)41]
Vacancy formation energy [eV] 4.0142] 1GZ0: 2-3[43] - - - MoS,: 2.8
NiO: WSe,: 2.8[4]
1.17-4.03044]
Critical electric field for impact 300146 - - - - WSe,: 63.75120]
ionization [kV cm™]
Carrier mobility [cm? V=1 s71] ~10247] ~10243] ~1013249] - ~10!%0] ~10447]

insulators and are used as gate dielectric in memtransistors. As
a result, ferroelectric materials are highly susceptible to charge
trapping at the gate dielectric interface that gives rise to depo-
larization field which limits memory retention to <10° .1°>54
Comparatively, 2DM-based vacancy-modulated memtransistors
have shown excellent retention >10 years.[?8] Thus, among all the
prevalent neuromorphic and traditional materials, 2DM vacancy
modulation mechanisms have been showed to have the proper-
ties most suitable for the creation of novel reconfigurable mem-
transistors for SNNs.

Emerging 2DMs can also leverage on their ultrathin bodies
that can enable low critical electric and weak electrostatic screen-
ing for effective implementations of compact neurons. One of
the more promising silicon-based single neuron device is known
to leverage on impact ionization.[**! However, such processes are
not that efficient in silicon due to the high critical electric field of
300 kV cm~1#] required to create impact ionization that will lead
to increased power consumption (Table 1). 2DMs can achieve im-
pact ionization with &5 times lower critical electric field (Table 1)
due to high charge confinement in their ultrathin bodies and ab-
sence of dangling bonds essential for impact ionization. Further-
more, the 2DMs also have significantly lower dielectric constants
compared to silicon and TMOs below 5 nm thickness (Table 1),
which results in weak electrostatic screening. This enables the
ease of forming gate-tunable band alignment in heterojunctions
that can be used to build gaussian transistors for simplified im-
plementations of the Hodgkin—-Huxley neuron model used in
SNNs.["1 As such, 2DMs have showcased unique physical prop-
erties that are suitable for the development of compact neuron
hardware.

3. Multifunctional 2D-Material-Based Devices:
Opportunities and Limitations

In the previous section, 2DMs have demonstrated salient advan-
tages in their physical properties for the development of multi-
functional memtransistors and devices for compact neuron im-
plementations. In this section, we will first describe the op-
erational principles of each device and discuss how these de-
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vices fare compared to existing state-of-the-art devices and their
limitations.

3.1. Reconfigurable Vacancy-Modulated Memtransistors

Vacancy-modulated memtransistors (Figure 2a) are three-
terminal memory devices that utilize gate-controlled elec-
trostatic modulation to alter the distribution of chalcogen
vacancies. This modulation enables nonvolatile changes in
conductance, allowing for memory storage (Figure 2b). The ad-
ditional gate terminal has enabled multifunctional synapses for
learning rate modulation!*!! and tunable Hebbian/anti-Hebbian
capabilities!?”] without having to change the properties of the
spikes carrying information about the input data. For exam-
ple, a two-terminal vacancy-modulated TiO, memristor requires
changes to the spike pulse amplitude of the input data pulse train
to adjust the learning rate of the synaptic device.*®! On the other
hand, vacancy-modulated memtransistors made from MoS, can
tune the learning rates from the gate terminal of the devicel>!l
(Figure 2c). This type of device has been demonstrated to sim-
plify circuitry used for implementation of continuous learning
algorithms, which is a vital part of SNNs to accommodate
incremental data continuously in dynamic environments. The
naive solution of complete retraining the entire model inevitably
raises energy costs significantly. A more efficient approach is
to regulate the learning of certain synapses to retain existing
knowledge while the rest of synapses are free to incorporate
new information to existing SNN model, achieving a satisfac-
tory recognition accuracy for all tasks. The key mechanism of
learning rate regularization can be efficiently implemented with
the additional gate terminal in vacancy-modulated memtransis-
tors, eliminating the need for complete retraining and peripheral
input encoder circuit. This would be critical for enlarging the
learning capability of the edge systems that could encounter new
scenarios continuously during the actual deployment despite
limited energy and compute resources.

For existing silicon implementations, the demonstration of
Hebbian/anti-Hebbian capabilities would require at least five
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Figure 2. Tunable Hebbian/anti-Hebbian learning in synaptic devices. a) Vacancy-modulated memtransistors made using MoS,. b) Resistive switching
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Gate tunable varying potentiation and depression curves that enables tunable learning rates in the device via the gate. d) An example of a two-terminal
resistive switching synaptic memristor device that can tune between Hebbian and anti-Hebbian learning modes in spike-timing-dependent plasticity
(STDP) by changing the postsynaptic pulse profile (highlighted by red dotted line box). Data are taken from ref. [55] e) Floating-gate reconfigurable
memtransistor. It uses the floating gate to program the majority carriers within the device. The electrostatic carrier—vacancy interaction can determine
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floating gate transistors coupled with capacitors and operational
amplifiers that require a large circuit footprint.>’! This onerous
design can be replaced with a multifunctional emerging resis-
tive memory that is capable of tunable Hebbian/anti-Hebbian
modes, effectively reducing hardware footprint by atleast 5 times.
However, most Hebbian/anti-Hebbian tunable two-terminal de-
vices require a change of the pulse profile of input pulses to the
pre- and postsynaptic terminals of the device to tune between
Hebbian and anti-Hebbian modes (Figure 2d). Three-terminal
vacancy-modulated memtransistors can leverage carrier—vacancy
electrostatic interactions to tune between Hebbian and anti-
Hebbian by adjusting the gate terminal that alters majority car-
riers (electrons/holes) within the channel (Figure 2e). This can
lead to significant savings in device count which would be elab-
orated in the next section. For example, a dual memory floating-
gate vacancy-modulated memtransistor!?’] demonstrated tunable
Hebbian and anti-Hebbian behavior by programming the device
in n-/p-modes through the floating-gate and using the second
memory element to store synaptic information with electrostatic
migration of Se vacancies under high electric field. By applying a
strong electrostatic field through a source drain bias of V; = 10
V, the positively charged Se vacancies can be moved to generate a
change in the vacancy distribution across the channel and under
the contacts. As Se vacancies are positively charged n-dopants,
an increase in Se vacancies within the channel relative to the con-
tacts would lead to a decrease (increase) in source-to-channel bar-
rier for majority electron (hole) operation, leading to a negative
(positive) change in threshold voltage of the memtransistor. This
is analogous to a Hebbian (anti-Hebbian) learning synapse, the
connection between two neurons should get stronger (weaker)
with positive data inputs through the connection. Similarly,
as more positively charged selenium vacancies are electrostat-
ically driven into the channel, the electrons (holes) in n-(p-
)dominant conduction regime becomes more (less) conductive.
This device can reduce spike pulse generator components used to
tune between Hebbian and anti-Hebbian learning modes in the
device.

To compare the performance of Hebbian and anti-Hebbian
tunable devices, we use standard metrics!*®! that are used to com-
pare NVMs such as operational voltage, retention, on/off ratio,
linearity, and also whether they require pulse modulation at the
input to configure between Hebbian and anti-Hebbian modes.
Here, the on/off ratio refers to the ratio between the lowest con-
ductance state and highest conductance state reported for the
memory device. Linearity is an important measure of how linear
the device changes in conductance against the number of pulses
applied, which is measured from the device’s potentiation and de-
pression curves. The closer the value is to the 0, the more linear
it is. This is critical for circuit and system designers for binning
of memory states to determine the synaptic weights and would
merit a fairer comparison and assessment for memory devices
used in this type of application. Other important metrics such as
switching speed and temperature stability are required to enable
better benchmarking with existing memory devices. Switching
speed directly affects the memory write time, which can signif-
icantly affect the training time of the neural network. Similarly,
temperature stability at the industrial standard of 85 °C is also an
important factor in considering the robustness and usability of
such devices as reliable memory chips.[®?!

Is an input pulse
Yes
Yes
Yes
Yes
No
No

change required?

Linearity
4.7/-7.7 (A-H)
5.2/-7.3 (H)
17.6/-17.5 (H)
2.8/2.5 (H)
—0.8/-5.0 (H)
1.5/-2.8 (A-H)
0.6/-1.2 (H)
0.1/-2.3 (A-H)
2.8/-3.1 (H)

On/off ratio (H/A-H)
103/10°
~100
20
10
10°
10

Retention [h]
300

>500 (A.C)
>10* (A.C)
>750 (A.C)
>10* (A.C)

Endurance (cycles)
>200 (D.C)

(H/A-H)
0.6/~1.9
—8/-8
ym

Operational voltage [V]
4/-4
3/-3
1.1/-1.1

Ferroelectric

mechanism
vacancy migration

Resistive switching
Charge-trapping
Phase change
Conductive bridge (Ag)
Floating-gate and selenium

Hebbian/anti-Hebbian. Linearity is a measure of how linear the conductance change is with the number of pulses applied in the potentiation and depression curve.[’®] Input pulse change refers to
Oxygen vacancy migration

the change in either pre- and postsynaptic pulse profile to tune between Hebbian/anti-Hebbian behavior. The endurance metric measures the highest number of switching cycles recorded. D.C. and

A.C. indicate the direct current and pulse switching measuring conditions, respectively.

Table 2. Comparison of various Hebbian/anti-Hebbian tunable synaptic devices. Operational voltage is the voltage required to operate the device when At > 0 for the STDP operation. At is the time
difference between the postsynaptic and presynaptic pulse. The on/off ratio refers to the ratio of the largest conductance state and lowest conductance state of the device. Here, (H/A-H) refers to

Two-terminal HfO,/Al/TiO,[%%]
Two-terminal Lag ¢;Srg 33 MnO; /SrTiO, 58]
Two-terminal Ge,Sb, Te; (%]

Two-terminal a-hBNI0]

Three-terminal WSe,!®']

Three-terminal WSe,[?7]

Material
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We show a comparison of the three-terminal memtransistors
to some of the reported works of Hebbian/anti-Hebbian tunable
devices in Table 2. An observation is that two-terminal vertical
memristors typically have lower operational voltages than three-
terminal memtransistors. It is possible to significantly reduce
the operational voltages of vacancy-modulated memtransistors as
shown by Feng et al. to 0.35 V¢l with proper optimization of the
grain boundaries for chemical-vapor-deposited grown 2DM. The
use of high k dielectric is also known to have reduced the MoS,
switching voltages to 1 V.I*] Thus, with proper material engineer-
ing of the channel of the vacancy-modulated memtransistors, it
does present huge opportunities for low-power, reconfigurable
synaptic memory device for SNNs.

However, one critical issue with memtransistors would be the
linearity of the resistive switching.[?-286365] Feng et al.[3] have
tried to improve the linearity by using increasing voltage pulses
in the pulse train but this is not feasible in actual operations as the
device can be at various points of memory states during training
and itis a challenge to keep track of all synaptic weights in a mem-
ory array as to which pulse height to use. Drawing lessons from
the study of vacancy-modulated memristors, we understand that
the linearity of the memory device can be improved by thermal
enhancement layer!® and tuning of chalcogen concentration dis-
tribution within the material medium.[*”] Thus, future works can
be explored in these areas to make memtransistors more viable
options as memory devices for future IMCs.

3.2. Explorations of Vacancy-Modulated Memtransistor Device
Operations with Modeling

As discussed in the previous section, the unique physical mecha-
nisms governing vacancy-modulated memtransistor behavior in
2D materials necessitate a thorough understanding of their phys-
ical properties through physics-based modeling. Such insight is
critical for the development of accurate compact models and, ul-
timately, product design kits for circuit design. Furthermore, it
can offer valuable design guidelines for ensuring reliable oper-
ation, selecting appropriate channel materials, improving scala-
bility, and optimizing device architecture.

One of the major bottlenecks in advancing memtransistor-
based technologies is the limited understanding of the com-
plex electrostatic interactions among the three terminals and the
memristive channel, including the roles of defects and carriers
across different operating regimes. Particularly critical is the un-
derstanding of the dramatic changes in space-charge distribu-
tion as the device dynamically transitions between cutoff, linear,
and saturation modes in response to varying gate and drain po-
tentials. This gap often leads to unreliable memory-erase opera-
tions and operational uncertainties across different applications.
Therefore, the development of a robust, physics-based model is
imperative. Such a model can address key challenges, including
high power consumption, poor control over defect redistribution,
and inefficient memory-erase mechanisms.

The fundamental understanding of the resistive switching
mechanism in memtransistor proposed by Sangwan et al.?l
is based on conductance modulation which arises from field-
induced vacancy migration, leading to modulation of the Schot-
tky barrier (SB) width (Figure 3a). However, memtransistor being
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controlled by an additional gate terminal is likely to have contri-
butions not solely from SB modulation, but also from the chan-
nel lateral electrostatics. Hence solving for interactions between
gate potential, ions, and carriers under different operational bias
conditions including the drift-conduction-dominated transport
is essential to overcome the limitation of the Schottky barrier
model, whose validity ceases beyond the subthreshold conduc-
tion regime.

Another important aspect to consider is the influence of lattice
temperature on vacancy migration and, consequently, on con-
ductance modulation (Figure 3b). This is particularly significant
because lattice self-heating is a common occurrence in devices
with sub-micrometer channel lengths and during operations in
the pinch-off regime. Since vacancy hopping rates and mobility
increase with temperature, it becomes essential to include va-
cancy dynamics under thermal effects as well. To address this,
Sivan et al.*!l developed a self-consistent, physics-based model
that integrates lattice temperature, vacancy behavior, and chan-
nel electrostatics to accurately capture the interactions between
gate potential, ionic species, and charge carriers during mem-
ristive switching. This model is calibrated using an ambipolar
WSe, memtransistor, allowing for detailed understanding of how
carrier type (electrons vs holes) influences vacancy transport. Ex-
panding on the concept of Schottky barrier height modulation,
the study highlights how vacancies significantly impact threshold
voltage modulation in transistors. This insight can be strategi-
cally used to reduce the write bias. Specifically, the study demon-
strates that threshold voltage shifts, driven by substantial changes
in vacancy distribution near the source-channel interface, can
lead to a 25% improvement in power efficiency.

An equally important consideration in modeling 2D-material-
based memtransistors is the influence of grain boundaries,
which are frequently observed in chemical-vapor-deposition
(CVD)-grown polycrystalline 2D materials. However, most ex-
isting compact models for 2D devices overlook grain bound-
ary (GB)-induced transport mechanisms, thereby limiting the
identification of an appropriate state variable for resistive switch-
ing. Wang et al.[%%] addressed that gap by introducing a com-
pact model based on an exponential distribution of localized
states, where transport is dominated by the GB energy barrier
(Figure 3c). The model leverages theories of GB energy barri-
ers and space-charge-limited current (SCLC) to explain the scal-
ing behavior with respect to channel length and grain size. Un-
der high lateral electric fields, SCLC effects emerge, leading to
nonuniform charge distribution with higher density near the in-
jecting contact. These SCLC effects can result in a sudden in-
crease in current at intermediate voltages. Additionally, electric-
field-induced generation and recombination of vacancies cause
redistribution of trap centers at GBs and contacts. By treating the
trap center density as a state variable, RS behavior is captured us-
ing state-variable transition functions and appropriate boundary
conditions, where GB barrier modulation and asymmetric trap
redistribution due to SCLC are identified as key contributors to
RS behavior.

It is also important to develop a numerical modeling frame-
work that enables efficient exploration of the large parameter
space associated with 2D memristive synaptic devices. Recently,
Spetzler et al.[”%! reported a high-throughput numerical model
to study the tunable synaptic behavior of 2D MoS, memristive
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Figure 3. Modeling considerations for vacancy-modulated memtransistors. a) Vacancy accumulation/depletion driven Schottky barrier modulation
as the dominant switching mechanism chemical-vapor-deposition (CVD)-grown polycrystalline monolayer MoS,.[28] b) Effect of lattice temperature
and threshold voltage on the resistive switching mechanism in ambipolar WSe, memtransistor.[*'l c) Impact of grain boundaries and space charge
limited current on the resistive switching characteristics of CVD-grown MoS, memtransistor.[®8] Band diagram from Figure 1. (a) Reproduced with
permission.!?8] Copyright 2018, Springer Nature Limited. b) Adapted with permission.[*1] Copyright 2022, American Chemistry Society. c) Adapted with

permission.[%8] Copyright 2019, IEEE.

devices, focusing on the voltage pulse characteristics in lateral 2D
memristors and evaluating synaptic device metrics across differ-
ent weight-update schemes.

While the prospects for implementing memtransistors in in-
memory computing architectures are promising, several chal-
lenges remain to be addressed. The lateral configuration of these
devices often requires high write bias voltages, resulting in in-
creased energy consumption that may offset the energy sav-
ings gained from reduced data movement. Although exploiting
threshold voltage shifts can yield some energy benefits, mem-
transistors still typically consume more power than their verti-
cal memristor counterparts. Lowering the write voltage presents
one possible solution, but it may weaken the driving force nec-
essary for effective vacancy migration. In this context, solution-
processed 2D materials present a valuable opportunity for fur-
ther optimization. Their tunable properties—such as flake size—
can influence vacancy concentrations, particularly at flake edges,
offering an additional degree of control. This tunability could
enable new strategies for performance enhancement. These
possibilities will be explored further in the section on future
developments.

3.3. Multifunctional Devices for Compact Implementation of
Neurons

An emerging device for compact spiking neuron implementation
of integrate and fire functions is impact ionization field-effect
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transistors (I?FETS). In fact, a recent study published in Nature
earlier this year?*l also demonstrated an artificial-neural-network
(ANN)-based silicon neuron using this phenomenon. The oppor-
tunity for 2DM here is that I’FETs can be implemented with a
lower energy consumption can compared to silicon-based I?’FETs
due to the lower critical electric field required to elicit this phe-
nomenon of impact ionization, as shown in the earlier section.
Here, we will look at an example of 2DM implemented spiking
neuron from Choi et al.?% using a WSe,-based I*’FET (Figure 4a).
The device follows the leaky integrate-and-fire (LIF) model: ex-
citatory voltage pulses raise the membrane potential, and when
it exceeds a threshold, a spike event occurs. The structure con-
sists of gated and ungated regions. The operational principles of
the I>FETs are described step by step (Figure 4b) from impact
ionization to integrate and fire and finally reset with the derived
drain current profile against time in Figure 4c. Initially, (step i)
the device is in equilibrium. Upon applying a voltage above the
threshold (step ii), impact ionization induces an exponential rise
in current as generated carriers outnumber leakage carriers. This
corresponds to the integrate and fire process of the neuron. Over
time (step iii), carrier scattering slows the current increase. When
the current reaches around 0.5 mA um~!, a reset voltage (step iv)
flushes out carriers, restoring the initial state for the next spike
event. This corresponds to the reset of the neuron after firing.
A comparison among the state-of-the-art spiking neurons was
made in the workl?®] and it was demonstrated that the 11.3 p] per
spike um™ is one of the lowest among all other possible integrate
and fire neuron devices which include volatile memristors, phase
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Compact spiking neuron with WSe, impact ionization transistor
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Figure 4. Multifunctional devices for neuron implementation. a) Spiking neuron using impact ionization field-effect transistors (I?FETs). b) Operational
principles of I2FETs. The figure depicts at each step of the operation in the behavior of holes and electrons through impact ionization, leaky integrate and
fire, and reset process necessary for neuron implementation. c) The corresponding current against time curve during the impact ionization, integrate
and fire, as well as reset process. The spiking process is repeatable for multiple charging and discharging cycles. d) Heterojunction device of MoS,
and carbon nanotube formed Gaussian transistor. e) Gibert Gaussian circuit that requires at least nine transistors to form the Gaussian profile.[”"]
f) Profile of the Gaussian transistor in(d) with varying drain voltages. (a—c) Reproduced with permission.[?% Copyright 2024, John Wiley & Sons. (d and

f) Reproduced under the terms of the CC-BY license.l'®l Copyright 2020, Megan et al., Published by Springer Nature Limited.

change memories, partially depleted silicon on insulator. Here,
the energy consumption is also normalized to the device chan-
nel width. Comparing it with recent work on silicon I?’FETs for
ANNP* which has an operational voltage of 75 pJ per spike um™1,
the 2DM variant is at least 6 times lower in power consumption.
The potential of I2?FETs can be extended with the incorporation
of high-k dielectric that enables more efficient gate control over
the device, thus improving the electric field concentration and
enabling further reductions in power consumption of the device.
The conditions used to characterize the energy consumption of
the I?FETs is shown in Table 3.

Table 3. Comparison of energy per spike of impact ionization field effect
transistors built from silicon and WSe, and its corresponding measure-
ment conditions.

Channel Spiking frequency Pulse width Energy per spike
material [Hz] [us] [p) per spike um~1]
Si 104-10° 1-50 000 75-18 x 10°@25 °C
WSe, 1.77 x 108 0.5 11.3@25 °C
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However, akin to other works on single device neuron
implementations,?"! they neglect to mention that such single de-
vice neurons are insufficient to implement the entire neuron.
Additional pulse generator device components are required to
generate bipolar pulses”?! for training of synapses and multi-
modal pulse waveforms for other forms of neuron models like
Hodgkin—Huxley.”?] The components required for implement-
ing pulse generators is nontrivial, as seen in a recent work by
Zhu et al.”7?) The demand of pulses adjusting synaptic weights
comes from synaptic devices used, and it is true proper synapse—
neuron codesign,?72474] that all aspects of neuron implementa-
tion are considered.

For more complex neuron models such as Hodgkin—-Huxley
neuron model, Beck et al.'?! introduced a novel approach to neu-
romorphic circuit design by leveraging dual-gated Gaussian het-
erojunction transistors (Figure 4d). These transistors, built from
wafer-scale, mixed-dimensional van der Waals heterostructures,
incorporate monolayer MoS, (grown via CVD) and solution-
processed semiconducting single-walled carbon nanotubes. A
key advantage of these devices is their ability to form gate-tunable
p—n heterojunctions, leading to an antiambipolar response
with a distinct Gaussian transfer characteristic. The working
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Figure 5. Comparison between winner-takes-all and soft winner-takes-all in SNN. a) A winner-takes-all implementation of SNN. The data shown here are
encoded by rate encoding. After a winning neuron fires, it sends the signal to the inhibitory neuron that fires inhibitory pulses to neighboring nonfiring
neurons to totally inhibit their firing activity. b) A soft winner-takes-all implementation of SNN. The data shown here are encoded by rate encoding. After
a winning neuron fires, it sends inhibitory pulses to neighboring neuron that do not totally inhibit the firing activity of neighboring neurons. The degree
of inhibition is dependent on the strength of the inhibitory synapses between the winning neuron and the neighboring neurons.

principle of such Gaussian transistors stems from the basis of
using the gate to tune between dominant majority carrier oper-
ational regimes in a forward biased p—n junction diode chan-
nel. On the left sides of the Gaussian, it is typical that the n-
type conduction is more dominant while the right side of the
Gaussian, the p-type conduction is more dominant.['*”>l Com-
pared to silicon-based implementations of Gaussian functions,
this device can reduce the transistor count from nine to onel”!!
(Figure 4e), thus showing its superiority in implementation foot-
print. Next, we compare other metrics of the device such as peak
to valley ratio (PVR), peak position, and the full-width half maxi-
mum (FWHM) of the Gaussian curve formed. For the silicon im-
plementation, the PVR is 189, the peak position is 0, and FWHM
is 0.19. On the other hand, the average PVR of Gaussian transis-
tor used in Megan et al. is for V;, — V,,, = 0Vand V; = 1Vis
~130 (Figure 4f), with the average peak position of —0.42 V and
FWHM of 2.92.

It is easier to tune the profile of the Gaussian and attain the
PVR, peak position, and FWHM desired as it involves the inclu-
sion and exclusion of transistors in circuit design.”!! However,
the Gaussian device design to tune the parameters to attain the
desired Gaussian parameters has not been discussed in the work
and we believe it is nontrivial..’*! Here, we deduced the device
parameters that influence the Gaussian formation in the device.
We believe that FWHM of the device can be lowered with gate
oxide thickness and the proper selection of gate metals and dop-
ing to tune the V,; of the device. Currently, the gate oxide thick-
ness for the top and bottom gate of the Gaussian transistor is 35
nm, which can result in relatively high subthreshold swing (SS)
to turn on the device. With the improvement of SS, the device
will be able to tune on faster, leading to more steep profiles when
climbing to the peak of the Gaussian. The V;, can be tuned such
that the device n- and p-sides can turn on closer to the center of
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the Gaussian with proper work function metal and doping pro-
file of the semiconductors. Consequently, the V,, will determine
the peak position as well. For PVR, it is more complicated as it is
determined by the overlap of n and p on current as well as the off-
state leakage current, which is influenced by the doping profile,
contact resistance, SS, as well as the V,;, of the device. The deter-
mination of the PVR can only be made with the proper simula-
tion of the device, which can be potential avenues for exploration
in future works.

4, System Level Savings Derived from
Multifunctional 2D Devices

By incorporating the multifunctional 2DM-based devices into
the SNN hardware, it can potentially derive some savings in en-
ergy consumption and implementation footprint. In this section,
we will look at how these multifunctional devices can address
some of the challenges faced in existing implementations of
SNNs.

4.1. Competitive Learning in Spiking Neural Networks with
Adaptive Lateral Inhibition

Competitive learning algorithms have been developed for SNNs
to help enhance their recognition accuracy.’®’”) Competitive
learning introduces lateral inhibitory synapses between neurons
to prevent two neurons from learning similar features, thus en-
suring that the distinctive features between different images are
enhanced and recognition accuracy is improved. This is typically
applied with a winner-takes-all (WTA) approach which totally in-
hibits all other neurons with every winning neuron firing event
(Figure 5a). However, this is an oversimplification of biological
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Figure 6. Implementation schemes for adaptive lateral inhibition with reconfigurable floating gate WSe, memtransistors. a) Circuit implementation with
floating gate dual mode memtransistors for adaptive lateral inhibition. It does not require additional pulse generator components per neuron for tuning
between Hebbian and anti-Hebbian learning like typical two-terminal memristors with similar Hebbian and anti-Hebbian tunable properties. b) Circuit
implementation with typical Hebbian/anti-Hebbian reconfigurable memristors. Reproduced with permission.[?’! Copyright 2023, John Wiley & Sons.

approaches that possess variable inhibition for different stimuli.
Based on previous works, the lack of variable inhibition would
result in delayed overall learning time.[*’¢! With longer training
time corresponding to higher power consumption, there should
be a tuning parameter to the amount of inhibition received in
SNN. This can be achieved in soft-WTA networks,7¢787° where
adaptive lateral inhibition performing anti-Hebbian learning can
tune the amount of inhibition received by the nonfiring neurons
during a winning neuron firing event (Figure 5b). Here, a faster
convergence can be achieved with more adaptive inhibition, but
distinction in feature learning of neurons would be reduced. This
tunability enables customizable inhibition for different environ-
ments and user needs.[*765]

However, it is challenging to implement adaptive lateral in-
hibitions for soft-WTA due to the additional learnable parame-
ters introduced. Current implementation typically handles anti-
Hebbian connections with either an additional layer of inhibitory
neurons!®#2! or additional pulse generators that generate differ-
ent pulse profiles to achieve anti-Hebbian dynamics with two-
terminal memristor devices®! (Figure 2d). Leong et al.?’] pro-
posed to use the configurable Hebbian/anti-Hebbian property in
floating gate WSe, memtransistors to implement similar com-
petitive spiking neural networks without the inhibitory neu-
rons or need for additional pulse generators to tune between
Hebbian/anti-Hebbian learning in each neuron. This novel im-
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plementation scheme of the lateral inhibition process is de-
scribed with reference to Figure 6a. The same feedback pulses
generated by the firing neuron can thus be multiplexed for lat-
eral anti-Hebbian connections. This is performed by first to-
tally discharging the neighboring nonfiring neurons, followed
by charging the membrane potential of each neighboring neu-
ron through a lateral pulse fired toward the neighboring neu-
rons through the inhibitory synapses. The amount of charging
the membrane potential of nonfiring neurons is weighted by
the synaptic weight of inhibitory synapses that undergo anti-
Hebbian learning. Since the same pulses can be utilized for
both Hebbian and anti-Hebbian connections, the additional layer
of inhibitory neurons or inverted polarity pulse generators is
no longer necessary. This approach uses 27% lesser devices for
anti-Hebbian pulses that would be used in previously reported
architectures,!>! as shown in Figure 6b. This architecture can be
applied to a feature extractor in a spiking convolutional neural
network,®3] which has demonstrated at least 93.5% in recogni-
tion of MNIST handwritten digits. Furthermore, it was demon-
strated that the use of soft-WTA algorithm can improve con-
vergence rate of up to 5.7x in MNIST recognition tasks com-
pared to conventional WTA. Thus, the use of a reconfigurable
floating gate WSe, memtransistor as synapses can simplify and
enable SNN algorithms to converge faster in visual recognition
tasks.
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Figure 7. a) Gaussian-heterojunction-transistor (GHeT)-based spiking neuron circuit. The GHeT device along with T1-R1-C1 emulates the Na+ ion
channel conductance (gy,) while T2-R2-C2 emulates the K+ ion channel conductance (gy). b) Temporal evolution of GHeT source voltage, V,,, applied
top gate voltage, V¢, relative gate bias, Vi — V,,,, and drain current, Iy. Transconductance and current evolution as a function of gate bias for the GHeT
device.(a and b) Reproduced under the terms of the CC-BY license.["?] Copyright 2020, Megan et al., Published by Springer Nature Limited.

4.2. Multimodal Spike Encoding Using Gaussian Transistors for
Circuit Component Reduction

Research has been made into exploring complex neuron dynam-
ics to mimic high-level neuron response that potentially enables
advanced neuromorphic algorithm. The Hodgkin-Huxley neu-
ron model describes characteristics of biological ion (K+/Na+)
channels and thus can capture a wide range of neuron spike dy-
namics. The potassium channels contribute to membrane repo-
larization and their efficacy are proportional to the membrane
potential. The sodium channels contribute to both the rapid rise
phase of the membrane potential and membrane depolarization.

However, the complexity of ion channel behaviors in the
Hodgkin-Huxley (H-H) model make compact implementations
with conventional mixed signal circuits a considerable challenge.
Beck et al."] proposed to utilize the Gaussian transfer character-
istics of a dual-gated Gaussian heterojunction transistor to mimic
sodium channels. This can then be integrated with the potassium
channel circuit and membrane charging capacitor to achieve a
compact circuit implementation of the H-H model. The sodium
channel dynamic is achieved by connecting the Gaussian transis-
tor with a common-source amplifier (Figure 7a). The integration
of the synaptic current increases the membrane potential V,,. As
V., exceeds the threshold voltage of T1, the voltage applied to the
gates of the Gaussian transistor is pulled down due to the nega-
tive gain of the amplifier. This results in a negative gate-to-source
voltage across the Gaussian transistor, which falls into the neg-
ative transconductance region, thus increasing the slope of V..
As V,, continues to increase, the gate-to-source voltage continues
to decrease, accessing the positive transconductance region, thus
allowing the circuit to stabilize (Figure 7b). The positive transcon-
ductance, combined with the activation of the potassium chan-
nel circuit, resets the membrane potential. Hence, by traversing
the Gaussian transfer curve of the Gaussian transistor, the neu-
ron circuit is capable of the spontaneous generation of the action
potential. Further, the dual gate of the Gaussian transistor mod-
ulates the peak position and amplitude of the Gaussian trans-
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fer curve. For example, the voltage difference between the top
and the bottom gates modulates the peak position. This effec-
tively mimics the sodium channel behavior. By introducing ad-
ditional feedback controls from the membrane potential to the
gates of the Gaussian transistor, such a neuron can demonstrate
multiple biological spiking neuron responses, including phasic
spiking, tonic bursting, and dampened tonic bursting. This sig-
nificantly simplifies the spiking neuron implementation of the
H-H model. By contrast, digital CMOS design requires complex
circuits and a look-up table to mimic Gaussian responses, while
analog CMOS circuits suffer from limited programmability and
high bias current.

4.3. Comparison of Multifunctional Device Integrated Systems
with Existing CMOS-Based Architectures

The 2DM-based devices have enabled functionalities that are typ-
ically challenging or inefficient for conventional silicon CMOS.
As discussed, the reconfigurability of the floating gate memtran-
sistors discussed in Sections 3.1 and 4.11’) can significantly re-
duce memory interface logic complexity while offering flexibility
between Hebbian and anti-Hebbian modes. Such novel device
functionalities motivate algorithm innovation, accelerating learn-
ing and noise resilience. Similarly, complex neuron circuits, such
as the Hodgkin—Huxley neuron circuit, can be demonstrated in a
more compact form with Gaussian heterojunction transistor!*®’
discussed in Sections 3.2 and 4.2. Table 4 presents a benchmark
of 2DM-based neuron implementations against silicon CMOS to
showcase potential energy and area savings with the use of multi-
function 2DM devices. The use of Gaussian transistor and I’FETs
can reduce the amount of devices required to implement the de-
sired circuit functionality compared to their CMOS counterparts.
Comparing the LIF implementations, the 2DM I?FETs do not re-
quire a charging capacitor which provides significant savings to
the circuit layout as capacitors consume a huge area that is signif-
icantly bigger than transistors.*"! For soft-WTA implementation,
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Table 4. Comparison of different neuron implementations. H-H represents Hodgkin—Huxley. LIF represents leaky integrate and fire. * Values are es-
timated based on the reported data. “T” represents the number of transistors used for the implementation of the neuron functionality in the circuit.

TEstimated from designed chips using 0.35 um technology node.

Neuron Technology Energy per Number of device Neuron area Charging

functions spike per neuron components [um?] capacitor?
Beck et al.['?] H-H 2DM GHeT 250 nJ 1 GHeT + 2T - Yes
Saighi et al.[¥4] H-H CMOS ~850 uJ* ~1000T* 335435 Yes
Choi et al.[20] LIF 2DM I2FET 2p) 112FET + 6T+ - No
Joubert et al.[3] LIF CMOS 2p) 33T 120 Yes
Leong et al.l?7] LIF/soft-WTA 2DM memtransistor 1413 pJ 45T 1777 Yes
Diehl and Cookl®2] LIF/soft-WTA Memristor-like 180.6 ) 90T 3247 Yes

the use of a Hebbian/anti-Hebbian memtransistor can reduce the
number of devices used by half compared to traditional CMOS
implementation.

The efficient implementation of neuron and synapse dynam-
ics can enable the realization of large-scale neuronal circuits and
lead to breakthroughs in current computing systems. Here, we
highlight that bioinspired computing could be the key enabler
for sensor fusion,[®®! as it naturally supports spatiotemporal sen-
sor data. The spike encoding scheme provides a universal frame-
work for data transmission and processing. Information gener-
ated by various biological sensors can thus be encoded and com-
bined to create a more comprehensive and accurate understand-
ing of the environment and the system itself. Sparse sensor data
can be compressed with minimal data loss by such computing
systems, such as bioinspired adaptive feature extractor, to be effi-
ciently transmitted for compute-intensive processing. The event-
driven processing further reduces energy overhead, which is crit-
ical for sensor data edge processing. The significant efficiency
improvements provide an outlook on where bioinspired comput-
ing systems can be integrated with large generative Als to enable
embodied intelligence.!®’]

5. Future Developments and Potential for
Scalability of 2D Materials

With the system codesign of 2D materials, SNNs can be imple-
mented more effectively with improved energy efficiency and re-
duced implementation footprint. One of the major limitations
of 2D material is manufacturability and performance stability
which has been an active domain of research. Current state-
of-the-art fabrication method of 2DM films would be through
CVD approaches, which has demonstrated polycrystalline films
of high quality on a wafer level.®®] However, as CVD grown ma-
terials require high temperatures (>750 °C) to form such high-
quality films, it would be a challenge to integrate multimate-
rial and devices into a single platform. Recently developed trans-
fer methods from growth substrates to desired chips can in-
troduce mechanical stress during transfer, leading to the for-
mation of wrinkles and cracks, which disrupt charge transport
and induce local strain variations that alter the material’s band
structure.®”] Thus, there is growing interest in other scalable ap-
proaches of fabrication of 2DM films. One of this approaches
would be solution-processed methodologies, which has shown
to be a transfer free, low cost approach!® that has demonstrated
potential in fabricating wafer-scale films.®!] Furthermore, such
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films have demonstrated the capability to vary defect concentra-
tions through 2DM flake size and film morphology, which has in-
fluence on memristor operational voltages. As such, this method
can provide a potential scalable approach of defect engineering of
reconfigurable memtransistors, which will be discussed in this
section.

5.1. Defect Engineering Using Solution-Processed Method for
Vacancy-Modulated Memtransistors

This section demonstrates that resistive switching voltages
(set/reset) in solution-processed 2D films can be effectively tuned
by engineering the flake size, which modulates the edge de-
fect density. In particular, memristors fabricated from aerosol-
jet-printed MoS, flakes—typically <100 nm (Figure 8a), exhibit
ultralow switching voltages (as low as 0.18 V) and operate at fem-
tojoule energy levels (Figure 8b). These values are among the low-
est reported, even when compared to conventional oxide-based
memristors (Figure 8c). The key mechanism is the high den-
sity of sulfur vacancies induced by the ultrasonic atomizer, which
fragments the flakes and increases edge-site exposure. The ran-
dom stacking of small flakes further introduces multiple possible
filament paths, facilitating easier switching. However, aerosol jet
printing inherently couples flake size reduction and defect for-
mation in a way that is difficult to control. To decouple these pro-
cesses and improve reproducibility, we adopt a spin-coating ap-
proach. By optimizing the MoS, ink through sonication and lig-
uid cascade centrifugation, we can gain precise control over flake
size and defect density prior to deposition. Spin-coated memris-
tors, with more ordered morphology and fewer sulfur vacancies,
exhibit higher set voltages (up to 1.5 V for large flakes shown in
Figure 8d—f) compared to the aerosol-printed counterparts.

We further observe a clear flake-size-dependent switching be-
havior (Figure 8g): smaller flakes (with higher edge-to-area ra-
tios) yield lower switching voltages due to increased edge defect
density. This is supported by atomic force microscopy and Kelvin
probe force microscopy (KPFM) data (Figure 8h,i), which show
lower surface potential near flake edges—indicating the presence
of positively charged sulfur vacancies. Thus, by reducing flake
size, one can systematically increase the defect density and lower
the switching threshold.

This scalable strategy opens a pathway to engineer switching
behavior in solution-processed memristors and can potentially
extend to WSe,-based memtransistors. Although spin-coated
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Figure 8. Resistive switching with solution-processed 2D materials formed aerosol jet printing and spin-coated films. a) Topography image of the MoS,
flakes after printed for 1 printing pass. The flakes are small in order of <100 nm. b) I4—Vy of the resistive random-access memory (ReRAM) made
from aerosol-jet-printed MoS,. V. is extremely low at 0.18 V. c) Benchmark of resistive switching ratio against set voltage. Data points taken from
refs.[26,91-106] d—f) I4—Vy sweep showcasing the flake-size-dependent resistive switching set voltage of memristor made from spin-coated MoS, films.
g) Schematic diagram showcasing the unique flake edge directed formation of filament in spin-coated MoS, memristors. h) Topographic image of the
MoS, flakes used for spin-coated memristors. i) Kelvin probe force microscopy image of the MoS, flakes shown in (h). The blue regions indicate regions
with lower surface potential and more n-doping from sulfur vacancies. (a and b) Reproduced under the terms of the CC-BY license.[?®] Copyright 2019,
Feng et al., Published by John Wiley and Sons. (d—i) Reproduced under the terms of the CC-BY license.[®'] Copyright 2022, Tang et al., Published by
Springer Nature Limited.
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Figure 9. Assessment of quality of Langmuir-Schaeffer deposited films with high quality 2H-MoTe, flakes. a) Topographic image of the EALPE 2H-MoTe,
flakes. b) Work function image of the 2H-MoTe,. c) Work function profile along red line A-A’ indicated in(b). The profile shows that the work function
of MoTe, is ~4.65 eV. d) Scanning transmission electron microscope image of the 2H-MoTe, flake. The image shows that the atoms are arranged in a
hexagonal manner without vacancies. e) I4—V, curves of 2H-MoTe, devices made using Langmuir—Schaefer method. (Inset) Schematic diagram of device
measured. f) Mobility extracted from 2H-MoTe, devices. g) I, of the devices. h) I;—V, of oxygen plasma thinned device. i) Benchmark of 2H-MoTe,
with other MoTe, production methods. References for benchmark are in refs.[107-110].

films may suffer from random stacking compared to Langmuir—
Schaeffer assembled ones, their process simplicity and flake-size
tunability make them attractive for large-area, low-voltage neuro-
morphic devices. In the following section, we explore how further
defect control across the basal plane can complement this strat-
egy through extrinsic engineering methods.

Preliminary data from 2H-MoTe, suggest that high quality
solution-processed flakes, coupled with Langmuir—Schaeffer de-
position method, can achieve comparable quality to their me-
chanically exfoliated counterparts. Given that 2H-MoTe, has one
of the lowest vacancy formation energies among transition metal
dichalcogenides (TMDCs), it is selected here as a representative
2DM. This approach may be generalized to other 2DMs, sug-
gesting that with proper defect control, similar results could be
achieved across a broader range of TMDCs. Using KPFM, we ex-
amined the 2H-MoTe, flakes that have been only sonicated for
15 min during the ink preparation process. Figure 9a shows
the topographic image of the 2H-MoTe, flakes deposited on
aluminum used for KPFM. The work function potential image
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g

(Figure 9b) shows that the flakes are highly uniform in surface
potential, which means that the basal planes of the flakes are
uniform across multiple flakes. By extracting along the line la-
beled A-A’ in Figure 9b, we can determine that the work function
of the 2H-MoTe, flakes is ~4.65 eV (Figure 9c). The measured
work function corresponds to the mid-gap Fermi level ~4.6 eV of
2H-MoTe, shown in previous works,[1'"112] thus indicating that
exfoliated flakes are pristine with the absence of doping caused
by impurities or vacancy defects in the sample. This is further
supported by scanning transmission electron microscopy per-
formed on the flakes (Figure 9d) that shows that basal plane of the
flake is defect free. As mentioned earlier, Langmuir—Schaeffer
approach can maximize the basal plane to edge ratio, which has
one of the highest control over defect densities of the film. To
evaluate the mobility of the 2H-MoTe, films, we built transis-
tors using Langmuir-Schaeffer films. We show the set of [;-V,
curves of the 15 devices we have measured in Figure 9e. It shows
that there are device-to-device variations, which are likely to stem
from the thickness variations in the flake distribution which is
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Table 5. Performance metrics of memristors made from MoS, memristive devices. The first three processes are solution-processed methods. ECE
indicates electrochemical-assisted exfoliation discussed in ref. [91] LPE stands for liquid phase exfoliation['1”] which consists of only sonication exfoliation
from MoS,. CVD is chemical vapor deposition. D.C. represents direct current measurements of endurance while A.C. is pulse-based switching endurance
measurements. ¢ is the standard deviation of the set/reset voltages of the memristive devices. V, .., is mean voltage of the set and reset voltages of

the memristive devices.

Method Endurance (cycles) Retention [s] 6 /Viean (Set) 6/Viean (Reset)
ECE and aerosol jet printed!?®] >100 (D.C.) >10*@25 °C - -

ECE and spin-coating!®'] >107 (A.C)) >108@85 °C 0.197 0.185

LPE and Langmuir-Schaeffer( 18] >10% (D.C.) >10*@25 °C 0.363 0.105
cvplel >100 (D.C)) >10*@25 °C - -
[aYoliy >500 (D.C)) >10’ @50 °C 0.4 0.375
Sputteringl121] >400 (D.C.) >104 @25 °C 0.109 -

fundamental issue with solution-processing methodologies. The
variations are reflected in the mobility distribution plot in
Figure 9f which shows that the devices have an average electron
field-effect mobility of 4.19 cm? V! s7! with a standard deviation
of 1.5 cm? V=1 s71. However, the average off-current I, of 0.5
nA um~! in Figure 9g s still relatively high as it is likely limited by
the difficulty of controlling the channel due to the relatively thick
channel.

In this aspect, a postdeposition approach was developed to con-
trol the thickness of the film with minimal additional defects in-
troduced to the film. We perform remote oxygen plasma onto
the 2H-MoTe, flakes followed by removal of the oxide layer us-
ing KOH. The thickness of 2H-MoTe, removed was ~2.2 nm.
Comparatively, there is an improvement in subthreshold swing
of the device and decrease in off current, which are both strong
indication of a thinning effect (Figure 9h). The oxygen-plasma-
thinned device is comparable in mobility with mechanically ex-
foliated flaked devices and chemical-vapor-deposited 2H-MoTe,
devices (Figure 9i). Notably, there are reported results!!!3114 on
2H-MoTe, that have better mobilities and on/off ratios than the
ones showed in the benchmark which have used encapsulation
methods like hBN to reduce charge scattering and improve device
mobility. However, our goal here is to show that our Langmuir—
Schaeffer-flakes-formed devices are comparable in mobility and
I, to other mechanical-exfoliated flake devices, indicating that
they are of high quality. Comparing to other solution-processed
deposition methodologies, this approach enables creation of
films that are determined by the intrinsic thickness of the flakes.
This is difficult to achieve with other solution-processed meth-
ods. Furthermore, the liquid-liquid assembly approach in the
Langmuir—Schaeffer film formation is highly compatible with in-
dustrial roll-to-roll printing technologies!!>1%] that can achieve
exceptionally high throughput compared to methods like inkjet
or aerosol jet printing. This could be a potential avenue for explo-
ration toward scalable industrial manufacturing of such films.

We show that solution-processed methodologies can produce
memristive devices that are competitive to other known scal-
able approaches like CVD. To demonstrate the competitiveness
of solution-processed methods in the production of memris-
tive devices, we compared the various performance metrics of
MoS,-based memristive devices in Table 5. MoS, was chosen for
comparison. From Table 5, solution-processed methods of spin-
coating with electrochemically exfoliated flakes showcase the best
reported cycling endurance compared to all other fabrication ap-
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proaches. In addition, it has a retention of >10 years at 85 °C,
showcasing environmental stability demanded by state-of-the-art
memristive devices.[®?]

However, the device-to-device variabilities for all reported
methods are high relative to state-of-the-art reported memristive
devices.['?2] Other than common issues such as large unit cell
size and low device count in accounting for statistics that give
rise to variability observed in most memristive devices, there are
potential fundamental reasons that give rise to these device vari-
abilities pertaining to solution-processed methods. One of these
reasons is the critical limitation of spin-coated films is the lack
of ability to control over the morphology of the films formed,
which tend to overlap each other in a random orientation.[®!]
Langmuir—Schaeffer methods used can propose to overcome this
issue with the layer-by-layer self-assembly of solution-processed
flakes. Another reason for large variability in solution-processed
films would be exfoliation methods. Liquid phase exfoliation re-
quires long processing time under aggressive ultrasonic condi-
tions that would introduce random defects in the flakes used in
the films.'?}] In Figure 9, we have shown that electrochemical-
assisted liquid exfoliation shows promise in minimalizing the
defects on the basal plane with less aggressive exfoliation con-
ditions. As demonstrated, Langmuir-Schaeffer films still face is-
sues with intrinsic variances in thicknesses and flake size which
give rise to poor film uniformity. The challenges of poor film uni-
formity can be addressed at two different stages of the film prepa-
ration process: fabrication of the 2DM ink dispersion and meth-
ods to control thickness and defects at the post-film-deposition
stage.

In the ink dispersion stage, the conventional approach to con-
trol the flake size and thickness is to perform flake sorting us-
ing centrifuge approaches like liquid cascade centrifuge/!?*! and
density gradient ultracentrifuge.'”>) However, this approach does
not address the fundamental issue of improving the yield of
high aspect ratio flakes (i.e., thin flakes with large planar area).
The yield of high aspect ratio flakes is determined by the ef-
fectiveness of the exfoliation process, which can be improved
through preintercalation of the bulk 2DM crystal as shown in pre-
vious works.[126127] The most notable approach is electrochemical
intercalation, 12l which has achieved great yield of high aspect ra-
tio flakes for high conductivity 2DMs, but fails to replicate this in
low conductivity or insulating materials. Thus, exploration into
other methods of intercalation, could be of interest in further in-
vestigation to achieving great yield of high aspect ratio flakes.
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Figure 10. Multifunctional 2D-material-based sensing systems. a) Silicon-based dynamic vision camera (DVS) is an event-based sensing device that
can detect motion,['32] but requires interfacing with additional analog to digital convertors and digital processors to convert data from DVS to spike for
SNNs. b,c) 2D MoS,-based photomemtransistors can leverage photogating phenomenon and be integrated into sensing-spike encoding cointegrated
systems. (b) is a representation of rate encoding. (c) is a representation of temporal encoding. Image taken from refs.[133,134] d) 2D WSe, photodiode
can be incorporated with ferroelectric memory to form a sensing device with memory. This is used in sensor-synapse cointegration system. (a) Adapted
under the terms of the CC-BY license.l'32] Copyright 2020, Gallego et al., Published by IEEE. (b) Reproduced with permission.['**] Copyright 2022, John
Wiley & Sons.(c) Reproduced with permission.['*3] Copyright 2024, John Wiley & Sons.(d) Reproduced with permission.['33] Copyright 2023, Springer.

At the post-film-deposition stage, the thickness can be con-
trolled through development of planarization techniques for
2DMs. Currently, one known approach with such capabili-
ties would be through self-limiting etching with focused laser
thinning,[128] which has been demonstrated for a wide range
of 2DMs previously. The flaw with this approach is the low
throughput, which would limit its scalability to large scale
manufacturing. On the other hand, high throughput indus-
trial compatible chemical mechanical polishing technique is
yet to be developed and validated for 2DMs.[12%13% The key
parameter to examine for such self-limiting etch techniques
would the concentration of additional defects introduced to the
2DMs during the etching process as well as the throughput of
the etching process, both of which are essential for practical
implementation.

Given that defects like chalcogen vacancies can naturally ex-
ist or be introduced during the self-limiting etching process, fur-
ther defect passivation methods with the introduction of organic
molecular dopants like 1,4-benzenedithiol (BDT)!**¥) can be used
to passivate the chalcogen vacancies on the edges of solution-
processed films. The concentration of BDT used can influence
the degree of vacancies passivated as well as improve the overall
mobility of the film by the connecting between flakes. Further ex-
ploration on the interaction of BDT with chalcogen vacancies in
resistive switching processes of memristors and memtransistors
would demand further investigation for assessment on potential
scalable applications.
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5.2. Cointegrated Sensors and Spike Encoders with
Photomemtransistors

An important aspect to bioinspired computational systems
would be data collection. For SNNs, this is particularly critical
as they work asynchronously, requiring complementary event-
based sensing to collect data. The collected data need to be en-
coded into spikes, which demand additional hardware to inter-
face between the sensor and SNN processing chips.['**] Recent
works on 2DMs have aimed to cointegrate sensors and encod-
ing together, to minimize footprint for sensor and encoding
applications.['*”] This will be discussed in this section.
Event-based sensors such as DVS cameras require the use
of excessively bulky capacitors and comparators to implement
(Figure 10a). They also lack the capability to encode spikes that
is necessary for processing in SNNs. Thus, to overcome these
issues, recent works in 2DMs have explored the use of the photo-
gating mechanism for in-sensor spike encoding in visual sensors
(Figure 10b). The photogating mechanism requires the Fermi
level of the channel material to be close to the energy trap levels in
the gate dielectric which can be illustrated with the MoS,/Al, O,
system shown by Subbulakshmi Radhakrishnan et al.l'3*) In the
MoS, /AL, O, system, the hole traps can be revealed within Al, O,
by applying a negative gate bias, which is capable of trapping
photoactivated hole carriers within the channel. The trapping of
positively charged hole carriers lowers the threshold voltage of
the MoS, photomemtransistor, enabling it to use this change in
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Figure 11. Photonic computation systems that leverage on novel optical resistive switching memory made using solution-processed MoS, flakes. The
device can be used as a nonlinear activation function that is required in neuronal models in artificial neural networks and transformers. Reproduced
under the terms of the CC-BY license.["] Copyright 2022, Copyright holder, Published by Springer Nature.

conductance to reduce the time to spike in a cascaded invertor
and XOR circuit. The time to spike can be tuned by pretrapping
carriers with the application of a 100 ms pulse to the back-gate.
This is similar to the property of the biological eye, in which
the spiking signals are modulated in the event of high illumi-
nation to prevent oversaturation of signals emitted from the pho-
toreceptors. The varying time to spike and number of spikes in
different light conditions can be used either in rate coding or
TTFS spike encoding used in SNNs. However, the cascaded in-
vertors and XOR circuit takes a total of 21 memtransistors to
implement, which significantly raised footprint costs. A recent
work by Su et al.l!*¥] (Figure 10c) have employed a simpler cir-
cuit consisting of the photogating device, transistor, and two re-
sistors. Using similar photoinduced charge trapping mechanism
at the channel-gate dielectric interface, the conductivity of the
photogating device increases with the intensity of the light. This
turns the transistor M1 (Figure 10c) from off-state to on-state,
which triggers a spike generation at V.. The higher the inten-
sity of the light, the faster the electron charge trapping occurs,
the faster the spike is generated. Thus, this system can be used
for the TTFS coding with minimal devices. Photogating mecha-
nisms demonstrated here are known to be extremely low power
(~n]) compared to existing state-of-the-art systems such as Li-
DaR and image sensors, which use power in order of 10-10°
J.[138] In terms of footprint savings, they have also significantly
reduced the number of devices required compared to state-of-
the-art DVS cameras that requires comparators and capacitors to
implement.

Although the photogating effect has been demonstrated to be
nonvolatile, it has limited retention time with maximum demon-
stration of only up to 100 s. Environmental effects have a heavy
influence on photogating performance. Existing literature!’!
has shown that water and oxygen molecules in the environ-
ment can undergo desorption with photogenerated holes which
also introduce threshold voltage shifts. This can be easily mit-
igated with the passivation through deposition of dielectrics
such as HfO, and Al,0,'* which have demonstrated capa-
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bilities of isolating the channel from environmental effects. In
addition, the prolonged voltage bias stress on the device un-
der illumination can introduce additional interface trap states
that will cause the device to drift from its intended opera-
tional range.'!] A potential solution to improve the reliability
of the overall system is to build in redundancy in the sensing
array.['*?]

To reduce data movement between the sensor and SNN, there
are works that built in the SNN within the sensor. In the re-
cent work of Zhou et al.['**] (Figure 10d), a split floating-gate
photomemtransistor device is demonstrated to serve both as a
sensor and synapse in an in-sensor SNN. In this work, a split
floating-gate for the WSe, is first programmed such that a p-n
junction is formed between the two gates. The synaptic weights
of the SNN are stored by adjusting the charge trapped in the
floating gate, which tunes the degree of n-/p-doping and respon-
sivity of the device toward incident light. By laying out the pho-
tomemtransistors in an array, the system can be trained to de-
tect motion. Since the synaptic weights are built in to the respon-
sivity of the device, the photogenerated signals can be directly
fed to the neuron without the need for spike encoding. In this
manner, in-sensor SNN can achieve 98% data reduction com-
pared to conventional frame-based sensors, which significantly
reduce computation, thus avoiding the need to spike encoders
like previous works. However, translation of this approach to
other forms of sensors would be a challenge as the existing mech-
anism leverages on the varying response of light to the p-n junc-
tions connected in a reverse fashion that might not be replicable
to other sensing elements such sound, smell, etc. Thus, there
is opportunity to look into other multifunctional devices that
can incorporate sensing into the synapse, attaining the ultimate
footprint savings. Alternatively, other sensory systems can still
consider sensor-spike encoding system that is incorporated with
reconfigurable memtransistors for adaptive lateral inhibition,
which does not depend on novel stimuli-synaptic interactions to
perform preprocessing of data like with the case of sensor—
synaptic integrated device.
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Figure 12. Monolithic 3D integration of spiking neural networks on the edge. In addition to the competitive spiking neural network (SNN), edge com-
putation can be realized through investigation of other critical components. Sensors should generate spike-encoded signals to minimize additional
components required for interfacing with SNN feature extractor. Compact neuron implementations can leverage on 2DM approaches discussed in
Section 3. For multisensor communication, analysis, and recognition to be performed at a higher level without data loss through transmission, electro-
optic reconfigurable interconnects can be used to convert electrical signals to optical signals and alter connections across different SNN networks.
The signals will then be sent to a neural network system at higher hierarchy (generative Al or ANN) for photonic neural network computation. Figure
of spike encoding and sensor adapted with permission.!'33] Copyright 2024, John Wiley & Sons. Figure of reconfigurable memtransistor adapted with
permission.l?’] Copyright 2023, John Wiley & Sons. Figure of cointegration of spike encoding with sensors adapted from figure of compact neuron

adapted with permission.[™>] Copyright 2024, John Wiley & Sons.

5.3. Photonics Interconnects for Integration across Multisensor
Systems

In line of the recent trend of photonic development,'*}] bioin-
spired computing on the edge can benefit from the near lossless
connections through photonic interconnects for implementation
of hierarchical computing systems. In a hierarchical computing
system, SNNs serve to provide data preprocessing on edge de-
vices for advanced training of logic and inference models such as
generative Al The transmission lines to generative AI comput-
ing systems can be implemented with photonic interconnects so
that multiple sensors can be connected for low loss, high speed
communication. These networks can then operate across vari-
ous scales, from short-range applications within a house to large-
scale implementations across a city.[1*4]

However, the use of photonic interconnects would demand the
use of electrical-to-optical and optical-to-electrical conversion de-
vices. Electrical-to-optical devices are required to convert spiking
encoded signals from SNN neurons to optical signals for loss-
less data transmission. Energy efficient optical to electrical signal
conversion is also necessary to enable potential hybrid electrical-
optical computation paradigms for generative Al. While mature
technologies such as high-speed photodetectors!'*! (for optical-
to-electrical conversion) and modulators!**’! (for electrical-to-
optical conversion) exist, heterogeneous integration of novel
materials with silicon photonics leveraging on unique physics
can enable potential energy savings. Emerging lithium niobate
and lithium tantalate can be integrated with heating elements
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or ferroelectrics for effective electro-optic modulation due to
the Pockel’s effect.[1*8149] Compared to electrical interconnects
interposers, it has been demonstrated that photonic lithium-
niobate-based interconnect interposers leveraging on Pockel’s ef-
fect can enable an improvement of 70% in energy efficiency.'*!
For optical-to-electrical conversion, solution-processed 2DMs can
serve as potential game changers with their strong light-matter
interaction that can be coupled with memory elements to en-
able energy-efficient hybrid electrical optical computation sys-
tems. A spin-coated MoS,-based optoelectronic random-access
memory was demonstrated as a photon-dependent, low power
resistance-switching device that enables a nonlinear activation
function!'®!] that is necessary for computing thresholding ele-
ments in neurons of both ANNs and generative Al models such
as transformers!"! (Figure 11). As such, design of edge systems
could leverage on the strengths of photonics to deliver a hetero-
geneous system that is low power and can serve multiple sensory
nodes over long distances.

5.4. Outlook and Perspective

A bioinspired system on the edge consists of sensor sys-
tems with spike encoding capabilities, multifunctional synaptic
memtransistors, compact spiking neurons, and photonic com-
ponents can be monolithic 3D integrated onto a chip (Figure 12).
This will result in the ultimate reduction of implementation foot-
print as the different layers are now stacked instead of being laid
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out in a planar manner. The use of 2DM-based multifunctional
devices will enable area and energy savings across various compo-
nents of the chip. First, cointegrated sensors with spike encoding
capabilities will avoid the need of bulky analog to digital conver-
tors and digital processors to convert data into spikes.[133:134136]
Second, reconfigurable floating gate memtransistors can be used
to enable excitatory and inhibitory synapses for near edge fea-
ture extraction using adaptive lateral inhibition.l”’} The use of
reconfigurable memtransistors can enable reduction in device
count used for pulse generation in the neurons compared to im-
plementations that use two-terminal memristors. Although the
existing work demonstrated high power operations, proposed
solution-processed methods of fabrication of the 2DMs can en-
able better control over defect distributions to lower operational
voltages and power. Explorations into other reconfigurable mem-
transistors can also be made to perform other synaptic func-
tions. Third, the use of impact ionization-based single device
neuron that replaces bulky capacitors and comparators in neu-
rons can also lead to further savings in terms of area.l?*3% The
2DM-implemented version of the impact-ionization-based single
device neuron is 6 times more energy efficient per spike com-
pared to their silicon counterparts. Considering that other neu-
ronal models exist, such as the Hodgkin—-Huxley model, com-
pact implementations that integrate multifunctional 2DM de-
vices like Gaussian transistor’! can also be considered. Thus,
it is demonstrated that the use of 2DM-based multifunctional
devices can present significant savings in terms of area and en-
ergy. Rather than introducing 2DM for all elements of neuromor-
phic computing, 2DMs should only be used if it does bring sig-
nificant advantages to existing state-of-the-art as shown in this
article.

As bioinspired computing like SNNs are considered for on
edge computing, logic and reasoning is performed at a higher
computational hierarchy by more complex models like genera-
tive Al For lossless transmission across multiple SNN systems,
the use of photonic interconnects provides an improvement in
energy by 70% compared to pure electrical interposers.'*! Fu-
ture works should examine proper integration techniques for
these devices to truly realize a low power, multisensory system
with bioinspired computing. As such, we briefly introduce some
challenges toward monolithic 3D integration (M3D) as well as
2DM-based systems that can serve as case studies in building
M3D-based bioinspired computing systems. The key limitations
of current M3D include chip overheating, intertier signal de-
lay, and electrical interference between tiers. First, the thermal
challenge in 3D ICs occur across various scales from device to
chip level. At the device level, localized hot spots are generated
by high drain electric fields in FETs that create energetic elec-
trons that generate optical phonons with low velocity. By stacking
these devices, the localized hot spots spread across tiers, which
results in both performance and reliability degradation. Addition-
ally, the reduced dimensions of interconnects in M3D increases
self-heating which impedes the ability to further scaling. Second,
Jiang et al. highlighted detailed simulation on the effect of in-
tertier signal delay caused by lengthy monolithic intertier vias
(MIVs). In their study, the simulated FO4 driver-interconnect—
load circuits in 7 nm technology highlights greater intertier than
intratier signal delays due to the high parasitics of MI1Vs.['3?] Fi-
nally, the thin dielectric layers in the monolithic stack fails to
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shield signal and interference from different layers, resulting in
noise and significant cross-talk.

A review of previous literature suggests that M3D with 2D
transistors offers potential in overcoming these challenges with
its ultrathin profile which leads to lower intrinsic thermal re-
sistance, excellent thermal conductivity, reduced intertier MIV
length. With lower thermal resistance in 2DM transistor, the
effect of local hotspots is reduced.['3] This is evident that the
interfacial thermal conductance of 2DM MoS, /SiO, of 15 MW
m~2 K! is 10 times lower than that of silicon.>*1° Addition-
ally, the excellent thermal conductivity of 2DM enables develop-
ment of small dimension interconnect for M3D with higher in-
tegration density without significant self-heating. For instance,
intercalation-doped multilayer graphene nanoribbons (=12 nm)
exhibit superior in-plane thermal conductivity compared to Cu
of the same thickness, which can alleviate thermal gradients and
enhance thermal integrity in global interconnects.['>®! The chal-
lenge of signal delay can also be addressed by the reduction in
MIV length as the ultrathin bodies of 2DM can form tiers with
smaller heights. In summary, 2DM-based devices and intercon-
nects show promise in mitigating the challenges faced in M3D.
With further development, we envision that 2DMs can deliver an
electronic—photonic M3D system that can realize a truly energy
efficient, bioinspired computing system for edge computation.
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