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Abstract
This article explores the potential of Neuromorphic VLSI designs in creating energy-efficient Al prediction
systems. Although conventional computer systems struggle to maintain energy efficiency, Neuromorphic
computing offers a viable alternative. However, power utilization, latency issues, and scalability present
significant challenges for real-time applications. The study suggests that novel approaches are necessary to
improve these parameters without compromising accuracy or efficiency. The observations illustrate the promise
of Neuromorphic VLSI systems by showing that Al inference performance can be greatly enhanced. We also
discussed about the applications of large scale Neuromorphic computing. Our study involved a comprehensive
review of 60 articles from leading academic databases, including Google Scholar, PubMed, Springer, Science
Direct, and Elsevier. Our purpose was to investigate the potential of Neuromorphic VLS| Hardware in
enhancing Al inference. Our review revealed that Neuromorphic VLS| Hardware holds promising prospects for
advancing Al inference.
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Currently, available Al inference systems need help
balancing outstanding precision with low energy

l. Introduction v
TheI

ow latency, maximizing p age, an
conserving processing resources without sacrificing
the accuracy of inference outputs. This paradox
highlights the need for creative solutions that may
completely transform the Al hardware market.

fulfilling the increasing computational
requirements. This background calls for a paradigm
change, which is why investigating neuromorphic
computing in very Large-scale Integration (VLSI)
systems is necessary[1].

The main issue this study attempts to address is the
inaccuracy of existing Al forecasting networks,
specifically with regard to latencies and power
usage. The task is to create Neuromorphic VLSI
designs that mitigate the drawbacks of conventional
computing methods by greatly increasing inference

Though  effective in  many applications,
conventional computing platforms  encounter
obstacles when attempting complex Al inference
activities[2]. The increasing complexity and sheer
quantity of data, in conjunction with the
requirement for processing information in real

time, has made energy consumption, delays, and
difficulties with scalability more prominent.
Neuromorphic ~ computation  deviates  from
traditional architectures

By adopting event-driven synchronization and
simultaneous  processing, which have been
influenced by the neural networks found in the
brain. Integrating these ideas into VLSI designs
presents a viable way to tackle the drawbacks of
current Al inference platforms.
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performance without compromising reliability.

The present review aims to design, implement, and
assess Neuromorphic prosthetic VLSI frameworks
for Al prediction activities. Three main goals are to
minimize latency, optimize power use, and ensure
that the model works with various neural network
types. In order to address the difficulties presented
by modern Al applications, the research attempts to
offer scalable and useful solutions.
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This work advances the field by thoroughly
investigating the potential benefits of combining
VLSI with Neuromorphic algorithms for Al
prediction. The innovation is in tailoring designs
for neural networks to take advantage of the special
qualities of Neuromorphic VLSI technologies[2].
The investigation offers new hardware layouts,
optimization techniques, and an understanding of
Al inference efficiency, precision, and energy use
trade-offs. The results hold the potential to
transform the field of Al hardware, promoting more
effective and long-lasting answers to the growing
need for intelligent devices[3].

11.VLSI Architecture with Neuromorphism

A Neuromorphic VLSI design is a customized
hardware layout modelled after the architecture and
operation of neural systems found in human
brains[4]. Neuromorphic technology aims to
emulate the based on events synchronization and
multitasking seen in biological neural networks.
This is accomplished in VLSI by designing a
unique hardware framework based on these
concepts.

Parallelism is used by Neuromorphic platforms to
handle several tasks at once, simulating the brain's
neural mechanisms in sequence. This is made
possible by the integration of several simultaneous
processing elements, which facilitate effective and
quick calculation[5]. Neuromorphic factors systems
use event-driven discourse instead of clock-driven
techniques used in classic computing designs.
Spikes or events brought on by variations in input
are how neurons in the brain communicate with one
another. Analogously, information is routed and
processed according to events using a
Neuromorphic VLSI building design, which results
in more effective energy use.

Spiking synapses and neurons are the fundamental
components of a neuromorphic factors VLSI
design[6]. In addition to stimulus inputs, spike
synapses produce spikes like real neurons do.
Synapses transfer signals to allow neurons to
communicate with one another. The neural
network's performance is replicated in hardware by
implementing the aforementioned elements.
Neuromorphic VLSI structures frequently include
plastic and adaptable elements that are modelled
after the brain's capacity to reorganize connections
and learn new ones. The hardware may adapt by
adjusting  parameters, learning  from the
background, and improving performance over the
course of time.

An essential component of neuromorphic VLSI
technologies is energy-efficient design. The
endeavour to mimic the brain's exceptional energy
efficiency  inherently  prioritizes  low-power
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architecture[7]. To strike an accord between
dependability and energy usage entails improving
circuits, reducing the number of components that
draw power, and investigating methods like
approximation computing. Memory hierarchies are
commonly utilized in neuromorphic designs to
retain and recover synaptic masses and network
characteristics efficiently. This is essential to
enabling the system's parallel processing and
machine learning ability[8]. Neuromorphic VLSI
designs are particularly suitable for actual time-
processing tasks due to events, and their concurrent
nature drives their being. This is especially helpful
in fields like robotics, self-driving automobiles, and
some branches of robotics where responsiveness to
reduced latency is critical.

1. Neuromorphic VLSI Hardware

The term "neuromorphic VLSI hardware" describes
sophisticated integrated circuits that are made to
mimic the fundamentals of neural processing seen
in living things. Neuromorphic VLSI hardware
reflects neural networks' parallel and dependent-on-
events nature by integrating memories and
computation, in contrast to standard von Neumann
designs that divide storage and processing
elements[9]. Typically, the building block of
neuromorphic VLSI circuitry consists of synapses
and spiked neurons that mimic the actions of real
neurons. The technology can process knowledge in
a way analogous to a person's brain since each
neuron acquires signals from inputs and produces
spikes when a specific threshold is achieved.
Connectivity between neurons is facilitated via
synapses, and neuroplasticity processes
dynamically modify their weights, enabling
circuitry to grow and respond to different
requirements[10].

A hierarchy of memory is essential for effectively
keeping and accessing weights of synapses,
parameters of the network, and neuron contends in
neuromorphic VLSl hardware. A  memory
hierarchy offers more storage space for larger
datasets and network topologies; local memory,
located close to processor units, allows for quick
access to temporary data. By facilitating the
transfer of spikes throughout neurons, the
hardware's event-driven neural network
communication system optimizes energy usage and
conforms to the asynchronous characteristics of
brain activity[9]. Neuromorphic VLSI hardware
designs aim to provide a more parallelized and
cost-effective method of handling Al tasks, making
it ideal for cutting-edge computing and applications
that require real-time.

Table.1: Comparison of operations of VLSI

Neuromor Low
phic VLSI Power

Metric Real- Parallel
Time Processi
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Proces ng VLSI
sing
’;‘I? of | 8000 | 12000 10000 5000
flogs
No  of | 6000 | 8000 5000 3000
Slices
Multiplie | 5x 4x 8x 6X
r
Reductio
n
ThtFOUgh 220 250 200 180
u
[()MBPS)
4-LUT 5 6 4 3
Input
Feik 550 600 500 400
(MHZ)

Slices and Flip-Flops indicate the resources used in
the FPGA substrate or ASIC implementation. Four-
LUT, The quantity of the inputs in a 4-input
Lookup Table, a typical FPGA design architectural
block, is referred to as feedback. Efficiency is
indicated by the Multiplier Reduction, which is the
reduction factor attained during the multiplication
process. The frequency of the clock is fclk (MHz).
The measurement of computing throughput in
megabytes/sec is called performance (MBPS).

V. Cognitive Neuromorphism

The NE programme has produced the physical
framework needed to construct sensor, neuronal,
and effector networks that mimic biological
nervous systems.Nevertheless, the neuromorphic
systems developed to date are limited to simple
tasks, translating sensory perceptions into motor
commands[11]. In order to accomplish more
intricate goals, an intelligent agent needs to
recognize specific combinations of activities. Given
the current state of the research, neuromorphic
systems still require greater performance. They can
now be configured for cognitive functions, though.
Through the DARPA SyNAPSE effort and Capo
Caccia Workshops, the community has made
progress in this direction.

Because artificial cognition involves a system to
generate, store, and interpret knowledge about and
reason about the world, it is challenging to
mimic[12].While science has made some progress
toward emulating artificial cognition, this progress
has mostly relied on symbolic encodings processed
by traditional digital computers[13].Nonetheless,
cognition may be replicated in a certain computing
paradigm in which algorithms self-organize
encodings to provide meaning, importance, and
purpose.The task is to ascertain if neuromorphic
computation and architectures offer a benefit over
traditional digital techniques for implementing this
kind of computation.

V. Hierarchy of Memory
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A hierarchy of memories is essential for
information  synaptic masses and network
configurations to be managed and accessed
effectively in a Neuromorphic VLSI structure[14].
The structure of memories in neuromorphic
circuitry is modelled after the way that memory is
arranged in biological brains to facilitate the
dispersed and simultaneous nature of neural
computation[15]. Synaptic weights are
representations of the intensities of interactions
within  neurons, and the neural memory
organization keeps them organized and stored. The
neuromorphic system's inference and acquiring
activities depend on effectively storing and
restoring these parameters[16]. The hierarchy
incorporates memory cells created especially for
synaptic mass retention

Regional and universal memories are typically
combined in neuromorphic VLSl systems.
Temporary data is stored in local memory adjacent
to processor units, allowing for rapid access and
concurrent processing[17]. Sophisticated neural
networks can be handled more flexibly thanks to
universal memory's increased store capacity for
bigger data sets and network settings. Because of
the storage hierarchy's ability to accommodate
parallel utilization, data can be retrieved and stored
simultaneously across several memory modules.

Neuromorphic computing systems are designed to
be energy-efficient and optimize data processing.
They use event-based transmission architecture that
reacts to impulses or spikes, allocating memory and
fetching data based on predefined circumstances.
The plasticity of synapses is frequently
incorporated to modify the weight of synapses in
response to educational experiences. The loads can
be stored in cells of memory linked to
neuroplasticity mechanisms and changed in
accordance with input sequences[18]. Memory
hierarchy in neuromorphic designs emphasizes
low-power applications, such as data reduction and
responsive memory with random access (RRAM).

VI. Customization of Neural Network

Neural network customization involves modifying
an existing design to meet specific needs and
optimize performance[19]. Key customization
aspects include changing hyper parameters and
selecting  appropriate  activation and  loss
functions[20]. These modifications aim to align the
network's structure with the incoming data and the
task's complexity to enhance its learning
characteristics and adaptability.

Customizing neural networks involves refining pre-
trained models using large datasets for a specific
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task. This saves computing resources and boosts
performance. Adding distortions to the training
dataset helps improve the model's resilience. Task-
specific layers or modules are introduced, and
periodicity methods are used to avoid over fitting
and improve generalizability. The evaluation
metrics are customized to meet the application's
requirements.

VII. Related Works Neuromorphic Computing
Approaches in Al Hardware

This study examines neural computing techniques
in artificial intelligence hardware, encompassing
many architectures, such as VLSI
implementations[21].1t looks at the difficulties with
Al hardware, evaluates current designs and
techniques, and talks about how VLSI might be
used to maximize efficiency and
performance.Energy efficiency, scalability
challenges, and evaluating VLSI architectures for
tasks involving Al are the main topics of the
analysis.It provides insightful understandings of
practical applications and helps practitioners and
researchers choose or create hardware that meets
the needs of their Al applications.

VIII. Experimental Configuration for VLSI
Devices

High-performance computing was used to run
Verilog-based simulations on the Neuromorphic
VLSI hardware, and Modelsim was used for the
investigation.Important parameters like the slices
used, flip-flops, clock frequency, input setup,
multiplier reduction efficacy, and throughput in
MB/s were examined in detail[22]. Their findings
revealed a 20% improvement over parallel
processing, a 15% decrease in power consumption
over low-power VLSI, and a significant throughput
gain over event-driven communication. In addition,
10% fewer resources were used than in parallel
processing. The results of the study indicate that
neuromorphic VLSI architecture is a viable choice
for effectively carrying out complicated activities
that call for a high throughput and low energy
consumption.

Table.2: Settings Configurations

Parameters Settings
HDL Verilog
Tool Modelsim
Platform Intel Xeon based HPC
system
Processor Intel Xeon
Memory 64 GB RAM
Synaptic weight Random
Algorithm Back propagation
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IX. Performance Metrics

Flip-flops and Slices: Lower values of these
measures indicate efficient resource consumption
in the FPGA fabric or ASIC design.

4-LUT input configuration: Look-Up Table
(LUT) is a fundamental building block in FPGA
designs. Its input value determines its optimization,
making it important to optimize.

Multiplier Reduction Effectiveness: Efficiency
indicates the hardware's optimization for
multiplication.

Clock Frequency: Hardware clock frequency
refers to the rate at which a computer's processor
operates. Higher frequencies can result in faster
processing, but energy consumption must also be
considered.

Throughput: Measures neural network inference
processing speed in megabytes per second. Higher
throughput indicates better performance.

X. Large-Scale Neuromorphic systems

Neuromorphic systems have made tremendous
strides in the last several years using the plentiful
transistor  resources present in a single
microprocessor or a complete silicon wafer.With
their flexible topologies and features, these systems
can support neural networks with millions of
neurons and billions of synapses, reaching
previously unheard-of sizes[23].Moreover, these
advancements enable scientists to build models of
whole animal brains, from insects to smaller
mammals and even individual human brain
regions.Furthermore, such systems offer chances
for the creation of innovative cognitive
architectures[24]. A few of the instances are
covered in the section below

IBM Truenorth: A ten-year endeavour to create a
high-density,  energy-efficient  substrate  for
cognitive applications has culminated in the IBM
Truenorth chip[25].The massive 28 nm CMOS chip
has 5.4 million transistors and 4096 neurosynaptic
cores. With the exception of a 1 kHz clock, each
core consists of 256 neurons with 256 inputs from
synaptic connections and operates
asynchronously[26].The implementation of
learning algorithms and application development
can benefit from the usage of deterministic
hardware.
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Figl. Truenorth communication uses spikes and point-to-point
links to connect 256 neurons within a neurosynaptic core.
Neurons can duplicate to make multiple connections[26].

Design: Through a 256 x 256 cross-bar, the
Truenorth neurosynaptic core links incoming
neural spike signals to outgoing neurons. Buffers
couple cross-bar inputs, and the switches are
binary.Each neuron creates a synaptic value for
each connection by allocating a weight within -255
and +255 to each of the four synapse types seen in
inputs.An integrate-and-fire technique with 23
programmable parameters powers the digital
neuron model[22]. Stochastic behaviours are
produced by modulating synaptic connections,
neuron threshold, and neuron leakage using digital
pseudo-random sources.

Communications: The neuron spike events
generated by the cores of the Truenorth chip travel
over unique point-to-point paths to establish
connections with other cores on identical or
different chips. A neuron's output is duplicated
inside the same core when it links to numerous
cores to guarantee identical spike trains. Inter-chip
connections are multiplexed to minimize electrical
connections, allowing for smooth network
extension over several Truenorth chips

Truenorth system:Direct device linking allows for
the establishment of larger systems. A PCB with
sixteen chips—each with sixteen million neurons
and four billion synapses—has been created. One
can assemble larger systems by connecting many
boards[27].

Fig2. Truenorth chips by IBM[27]

Supported software: Accompanying Truenorth
hardware is an advanced software emulator that
makes use of the technology's deterministic
properties to  forecast its  performance
precisely. This  deterministic ~ behaviour  also
explains how noise contributes to the system's
stochastic behaviour. The software model can
predict even pseudo-random sequences produced at
a specific speed. However, because synapses are
binary, online learning is difficult; hence, in the
software environment, training takes place offline.
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Applications:Neuromorphic technology is used by
the remarkable and inventive Truenorth platform to
offer applications. Its design tackles multiple issues
related to sensory input, including multi-sensory
fusion, audition, and vision (using INI event-
specific  vision sensors). When  processing
complicated and noisy sensory data in real-time
while using less energy, Truenorth excels. This
platform uses less electricity and has a very high
real-time object identification efficiency.

Some more neuromorphic systems are described
below.

SpiNNaker: With connectivity akin to the brain,
SpiNNaker is a digital computer developed to
simulate spiking neural networks in real time. With
intentions to increase this number to one million
cores, the largest SpiNNaker machine currently has
500,000 processor cores[28]. The communication
infrastructure uses an associative lookup table and
a 2D triangular mesh to decide how to route each
packet. The packet-switched Address Event
Encoding (Path) routing method of SpiNNaker is
optimized for routing congregations of neurons
with distinct tree structures.

Spi’NNakel-\'

f

Fig3. SpiNNaker System[40]

BrainscaleS:BrainscaleS is a neuromorphic
technology funded by the EU ICT Flagship Human
Brain Project, BrainscaleS Projects, and FACETS
at the University of Heidelberg.It uses a wafer with
a high-speed serial connectivity interface to
distribute 64 neurons' output among HiCANN dies.
BrainscaleS hardware is offered as cluster servers
or handheld devices[29].
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Fig4. BrainscaleS 20-wafer machine

Table 3 comprehensively compares the necessary
properties of four large-scale neuromorphic
algorithms and the human brain. This comparison
aims to assess how these systems and the human
brain vary and are similar. The comparison reveals
the salient features of the artificial and biological
systems and sheds light on their respective
advantages and disadvantages. Researchers and
developers interested in creating Al systems that
can replicate human cognitive capacities may find
these insights interesting.

XI. Neural circuits and systems are integrated
into CMOS technology

The initial objective of neuromorphic engineering
was to use transistors to mimic organic neural
networks. The intention was to create artificial
synapses, neurons, and networks that were capable
of handling data in a manner distinct from that of
conventional computers[30].Some academic groups
are still working on this strategy today. Their main
goal is to construct small-scale prototype chips in
order to investigate various facets of brain
computation.

Computing systems that mimic simulations of
spiking neural systems are referred to as
neuromorphic[31]. Wafer-scale integrated systems,
like SpiNNaker, were developed with funding from
the EU Human Brain Project to simulate
neuroscience modelling experiments quickly.The
Truenorth neuromorphic system, which IBM
suggested, showed how cutting-edge technology
nodes may enable the integration of a very high
number of silicon neurons while maintaining
incredibly low total power consumption.Intel's
Loihi microprocessor simulates neurons and
synapses using only digital asynchronous circuits.
[32]1t emphasizes more intricate synapse and
neuronal functions, such as spike-based learning
processes. Utilizing Loihi, the Intel Neuromorphic

Research Community (INRC) platform assists
scholars and students in creating cutting-edge
spike-based computing solutions.

XII. Neuromorphic and Neurohybrid systems
based on Memristor

Moore's law has guided the development of
microelectronics over the last fifty years[33].
However, this trend has run its course since there is
a physical bottleneck in the data transport between
the external memory and the central processor.
There is room for improvement in modern
computers' energy efficiency and time delays[34].
More than 80 percent of the entire volume
generated every day is unstructured data, and the
demand for it keeps rising. Two approaches are
under investigation: merging memory and
computation or switching to neuromorphic
architectures.

A significant development in neuromorphic
information-processing technologies is Memristor
technology[35]. An electrical charge's past history
determines how resistant a Memristor is, making it
a nonlinear resistor. [36]Provided a generalized
concept in 1976 that encompasses a number of
phenomena in photonic, superconducting, and
nanomaterial circuits. The metal-oxide-metal type
nanostructures are perfect for developing small and
energy-efficient RRAM devices that might be
included in the conventional CMOS technology
process[37]. These devices mightStore the logical
value determined by conductivity and permit it to
be modified in the exact physical background,
enforcing a non-von Neumann paradigm of in-
memory  computing[38]. Because of their
straightforward design, Memristors can be used to
create extremely dense three-dimensional arrays of
crossbars  that carry out  vector-matrix
multiplication operations in analogue form using
Kirchhoff's and Ohm's laws. Deep Learning and
innovative methods for training spiking neural
networks are based on these procedures, which
underpin inference in standard artificial neural
networks[39].

The "Future of Al is Neuromorphic" roadmap
predicts that the development of neuromorphic
computer  systems is necessary for Al
technology[40]. As neuromorphic technology
develops, high-performance digital computing is
gaining ground on it. Within the next five to ten
years, memristive general-purpose neuroprocessors
are anticipated to be developed.Memristive
computing system prototypes are already proving

Ideal memristor Memristive system
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to be competitive with well-known neuromorphic
devices[41]. Exploring the possibility of a more
thorough adaption of neuromorphic concepts to

In order to comprehend the resistive switching
memristive phenomena, researchers investigate
materials at the nanoscale. The intricate system

Platform: Human brain Neurogrid BrainScaleS TrueNorth SpiNNaker
Technology: Biology Analogue, sub- Analogue, over Digital, fixed Digital, programmable
threshold threshold

Microchip: Neurocore HiCANN 18 ARM cores

Feature size: 10 pym* 180 nm 180 nm 28 nm 130 nm

# transistors: 23M I5M 54B 100M

die size: 1.7 cm’ 0.5 cm® 4.3 cm’ 1em®

# neurons: 65k 512 IM 16k

# synapses: ~100M 100 k 256 M 16 M

power: 150 mW 1.3W 72 mW 1w

Board/unit: PCB 20 cm wafer PCB PCB

# chips: 16 352 16 48

# neurons: M 200k 16 M 768 k

# synapses: 4B 40M 4B 768 M

power: 3w 500 W 1w 80W

Reference system: l.4kg 20 wafers in 7 x 19” 600 PCBs in 6 x 19"
racks racks

# neurons: 100 B 4M 460 M

# synapses: 10"° 1B 460 B

power: 20w 10 kW 50kW

Energy /connection: 10 fJ 100 pJ 100 pJ 25p) 10 nJ

Speed versus 1% 1x 10 000x Ix 1x

biology:
Interconnect: 3D direct Tree-multicast Hierarchical 2D mesh-unicast 2D mesh-multicast
signalling
Neuron model: Diverse, fixed Adaptive quad- Adaptive exponen- LIF Programmable”
ratic IF tial IF
Synapse model: Diverse Shared dendrite 4-bit digital Binary, 4 Programmable®
modulators
Run-time plasticity: ~ Yes! No STDP No Programmable®
create more advanced computer systems that might necessitates knowledge of several transport

surpass their digital equivalents is gaining traction.

Fig 5. Generalized Memristor[33]

Table.3: Comparison of primary Characteristics

XI11.A Comprehensive Method for Developing
Neuromorphic Computing Systems Utilizing
Memristor

The process of creating neuromorphic and brain-
inspired computing devices is multidisciplinary and
intricate. These systems necessitate merging
several scientific communities and co-optimizing
solutions at several levels.As demonstrated by
digital and quantum technologies, coordinated
fundraising and backing require a master plan[42].
Using this method, neuromorphic and Neurohybrid
systems built on MOM gadgets with resistive
flipping that are compatible with CMOS are
developed.
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phenomena. Memristive structures are included in
various functional circuits and integrated into chips
and devices[36]. Simultaneously with modelling,
the experimental effort is made to develop the
foundation of novel information processing
systems.

Memristor-based neuromorphic systems can be
implemented on hardware owing to the physics and
technology of memristive nanostructures. It takes a
significant understanding of statistical physics &
nonlinear dynamics to forecast and comprehend the

Memristive  phenomenon. The most recent
developments in neuroscience and neurotechnology
may lead to the eventual symbiosis of artificial
electrical systems with biological organisms.

XIV. Novel memory technology and memristive
technologies

In device and material science for many years, the
physics community has been investigating novel
technologies and materials for use in memory and
long-term  retention  applications.The  word
"neuromorphic” has recently been popular in this
community to describe novel hardware and systems
that behave like biological synapses and serve as
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crucial components of expansive Al computing
systems[43].These gadgets claim to accommodate
sophisticated nonlinear characteristics and allow
"in-memory computing” in neural networks.To
elicit learning behaviours in memristive crosshar
arrays that are biologically plausible, many kinds of
memristive devices, along with control techniques,
are being created. The ideal artificial synapse
solution is still being researched using a wide
variety of materials, tools, and methods.

XV. Spike based learning

Spike-based plasticity, a crucial characteristic of
biological synapses that allows the brain to acquire
information and form memories, is essential for
cognitive systems containing spiking
neurons.Learning is significantly influenced by a
mechanism called long-term plasticity (LTP),
which results in permanent fluctuations in synapse
strength.Recently, there has been increased interest
in a well-liked family of LTP spike-driven learning
mechanisms called spike-timing-dependent
plasticity (STDP)[31]. VLSI circuits of spiking
neurons reliably map onto silicon using STDP-type
techniques. From theoretical models to VLSI
implementations, STDP can efficiently learn to
identify spatiotemporal spike patterns.

In natural or electronic synapses, synaptic weights
are bounded and must be highly precise to be
learned. The inability to precisely alter synapses
might cause old memories to be overwritten and
forgetfulness to occur quickly.Many changes
facilitate quick Learning, but they also promote
quick forgetting. Enhancing synaptic range or
resolution does not enhance memory function. The
method of Learning can be slowed down
significantly to lengthen memory retention.

There is a suggested spike-based learning algorithm
that makes use of spike-based plasticity networks
with  minimum stable states.This paradigm
effectively resolves long-term storage, which also
ensures memory maintenance even in a lack of
stimuli  or with wvery little presynaptic
activity[13].Presynaptic spike timing, post-synaptic
membrane potential, and a slow variable
proportional to the mean firing rate are all
necessary for synaptic weight updates. This model
can replicate the standard STDP phenomenology
and classify mean firing rate patterns.

This spike-based learning technique works well
with VLSI devices that include a large number of
bistable synapses. Just a randomly selected portion
of all activated synapses is modified by a stochastic
method to update the synaptic values.The AER

eISSN1303-5150
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communication protocol does away with the
requirement for extra circuits, like generators of
random numbers. When spike trains have a Poisson
distribution, there are random variations in synaptic
weight. A stable state transition occurs only when
sufficient spike-driven events have accumulated.

A proposed learning model was verified with a
prototype chip. It has biologically realistic
dynamics with 4096 adaptive synapses and 128
integrate-and-fire neurons.Robust classification of
intricate spike train patterns is possible with this
device. It can function as a universal computational
module in networked multi-chip AER systems.It is
a helpful tool in realizing neuromorphic cognitive
systems.

Vinth

Vmem

Current Comparator

Synaptic weight update module
——]

Fig6. Schematic diagram of Spike based Learning

XVI.Computational models and algorithmsfor
spike-based inference and learning

An essential component of the field of
neuromorphic technology and engineering is
hardware-software  co-design. The goal of
neuromorphic research is to develop computational
models and methods that can be projected onto
neuromorphic architectures, such as memristive,
CMOQOS, or hybrid memristive-CMOS[43].Here,
two main directions are pursued: (1) investigating
spike-based learning techniques that roughly the
back propagation algorithm and (2) pinpointing
locally stochastic and complex nonlinear plasticity
structures that memristive devices or CMOS
learning circuits can replicate.

Positive outcomes have been obtained from recent
developments in Al and ML algorithms, brain-
inspired computational neuroscience modelling,
and other related fields.These studies have yielded
important design parameters for developing new
volatile and non-volatile memristive devices and
chips for spiking neural networks that can leverage
computation principles found in the brain[42]. This
method uses inaccurate and low-precision
components along with local learning algorithms to
provide robust and low-power computation.
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Combining these initiatives could completely
transform the fields of neuromorphic computing
and technology, opening up new avenues for
creating cutting-edge systems capable of carrying
out intricate computations with a high degree of
dependability and efficiency.

Table 4: Comparative Table

R Algorith Approach. Technology | Results
m Back Propagation | Bottom-Up CMOS Tdentificd
synergies for
neuromorphic
edge computing
over conventional
accelerators and
outlined
ingredicnts for
neuromorphic
2 SNN End-to-End CMOS Advancements in
neuromorphic
computing using
SNNs and
hall ahead.
3] SNN Functional test Al Test gencration is
generation shown on 2
SNNs in Python
& hardware.
Fault space is
reduced to speed
up testing
4] SNN meta-heuristic BpiNEMap SpINEMap cuts
down energy
consumption by
45% and spike
latency by 21%
compared to the
best SNN
mapping
I

6] ANN, SNN CMOS They study
neuromorphic
circuits, memory
arrays, and
sensors and
examine signal
integrity and
prospective
trends in
clectromagnetic
interference.
6] SNN spectral cluster Tighly A new router
mapping programmable reduces spike
ncuromorphic | latency by up to
cores 17.4% with
different coding
schemes, It also
decreases average
spike latency up
to 32.5% versus
SpiNNaker's
sequential
mapping in SNN
h
0] Neuromorphic CMOS The study shows
fabricated
artificial neurons
and synapses
with a few femto-
joules per spike
energy
81 CNN, DNN Energy-efficient | Memristor based The article
device examines
analogue-bascd
computation-in-
memory (CIM)
architecture,
including
crossbar arrays
and peripheral
circuits, with
particular
attention to the
ADC. It also
outlines the
future of CIM-
based edge
intelligent
computing.

XVI1I. Challenges
Through interaction with its environment, a
neuromorphic ~ computational  device  could
eventually be competent to learn and carry out a
task independently. Such a chip combined with
CMOS-based CPUs may address a number of
issues that modern systems with Al are facing.
Even though this technique has been demonstrated
at the single-device level thus far, a number of
issues still need to be resolved before a
neuromorphic system utilizing spin devices can be

eISSN1303-5150

implemented at the array level. MRAMs display
fluctuations from phase to phase and gadget to
gadget, which may be problematic unless they are
reduced to a range that a neuromorphic system can
tolerate. Furthermore, these devices still need to
have network-level behaviour, which may lead to
further problems like discharge themselves and
sneak pathway difficulties. Using devices to
connect at the price of space and energy efficiency
could reduce this.

XVIII. Distributive Analysis

No of papers
71 1

10 ‘
Q

16

9

= 2015 = 2018 = 2019 = 2020
= 2021 = 2022 = 2023

Fig.7 Distributive analysis

As part of our review of Neuromorphic computing
systems, we thoroughly analyzed 60 papers. The
distribution of papers by year is depicted in Figure
7. We reviewed one paper each in the years 2015
and 2018. In 2019, we examined a total of nine
papers, while in 2020 and 2021, we reviewed 16
papers each. We reviewed 10 papers in 2022 and
seven papers in 2023. Our analysis indicates that
Neuromorphic computing systems have garnered
significant attention among researchers in recent
years, as evidenced by the increasing number of
papers published on the topic. Our review will
contribute to the ongoing discourse on this subject
and furnish practical insights for further research in
this domain.

XIX. Conclusion

Upon conducting a comprehensive review, it has been determined tha

on performance metrics. These metrics demonstrate
the efficacy of this technology in augmenting the
efficiency of Al inference tasks. Our review
encompasses an analysis of 60 articles from diverse
scholarly sources such as Google Scholar, PubMed,
Science Direct, Elsevier, and Springer. We have
scrutinized the energy-efficient designs of Al and
neuromorphic VLSl hardware, which have
demonstrated impressive efficiency in Al systems.
The versatility of the aforementioned designs
renders them well-suited for a broad spectrum of
Al inference scenarios, thereby affording robust
and adaptable solutions.
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