o
- 5\’
€searcH ¥

.. wwwijarpcom  ISSN 2456-9992 Page: 01-07 ii\t/iig;/ev

T EED .
EA% International Journal Advanced Research Volume: 02
Publications Issue: 04

NEUROMORPHIC COMPUTING: ADVANCING ENERGY-EFFICIENT
Al THROUGH BRAIN-INSPIRED ARCHITECTURES

Bharathraj R.*, Jaya Kumar A., Karthi J.

Department of Pharmaceutical Chemistry. Pallavan Pharmacy College, Kanchipuram, India.

Avrticle Received: 25 February 2026, Article Revised: 15 March 2026, Published on: 05 April 2026

*Corresponding Author: Bharathraj R.
Department of Pharmaceutical Chemistry. Pallavan Pharmacy College, Kanchipuram, India.
DOI: https://doi-doi.org/101555/ijarp.2965

ABSTRACT

A new field called "neuromorphic computing™ creates hardware and software that closely
resembles the composition and operations of the human brain. Neuromorphic systems, in
contrast to traditional von Neumann designs, combine memory and processing, enabling
computation that is extremely parallel, energy-efficient, and adaptive. This technology
allows for real-time learning and decision-making by utilising parallel architectures, event-
driven computing, and spiking neural networks. Neuromorphic computing shows potential
for increasing artificial intelligence towards human-like flexibility and efficiency with
applications in robotics, the Internet of Things, autonomous systems, and healthcare.
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INTRODUCTION

Emerging memory and device technologies will influence neuromorphic technology. The
performance of standalone neuromorphic devices will be improved by new materials and
production techniques. These neuromorphic components will give rise to scalable systems
with brain-like capabilities in the coming years. For commonplace Al applications,
neuromorphic technology will prove to be a crucial accelerator. Even while machine learning
benchmarks continue to advance due to frequent algorithmic tweaks, training these models
still takes too much time. Large neural networks' spiking pattern dynamics can be directly

encoded by neuromorphic components acting as spiking processors. They lead to faster
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training in biological community benchmarks and even speedups for standard benchmarks
when paired with common deep learning software frameworks. Memory side effects, which
are usually viewed as an issue, improve machine learning algorithms' performance in
neuromorphic machines.

With the rise of machine learning applications and hardware accelerators over the last 20
years, computing power has increased dramatically. These developments have recently been
further accelerated by internet-scale linguistic and multimodal models that support Al-
powered search engines, targeted advertising, social media, and recommender systems,
raising the bar for computing demands. Energy efficiency is a critical challenge for Al
systems because of the high energy costs linked to this increasing processing demand. The
hardware architecture that supports the execution of an Al algorithm has an impact on its
energy efficiency in addition to the software used to implement it. New developments in
hardware architecture play a key role in increasing the energy efficiency of high-throughput
Al programming.

In order to support machine learning algorithms processing in real-time with low energy
overhead, specialised hardware based on biologically plausible learning rules and
architectures must be developed. The human brain manages a significant amount of
information with high energy efficiency. With new hardware developments, this energises
the contemporary Al community. Now, the focus is more on when and how advancements
will be made than on whether neuromorphic computing will replace symbolic systems or if it
has a place in Al. Will neuromorphic computing offer real-time processing capability, Al
algorithm practical prototyping, or both in the coming years? By giving a general review of
neuromorphic hardware and the underlying computational concepts, this study seeks to
answer these important topics.

Our knowledge of the brain's neurological processes, which function in parallel and are
therefore incredibly quick and energy-efficient, has significantly increased as a result of the
growing discipline of neuroscience and the collection of data throughout time. This body of
information and knowledge could be incorporated into hardware systems to provide end users
with "actionable knowledge." In actuality, this is the fundamental idea behind neuromorphic
computing, which sits at the intersection of computer system design and the investigation of
how the human brain interprets and manages the fundamental logic of

Utilising a variety of architectures and the most recent advances in neuroscience,
neuromorphic computing creates computer systems that are capable of processing, inferring,

and making predictions while using less energy. Although each human brain is different and
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there are billions of them worldwide, all brains can relate to one another and carry out
cognitive tasks. The knowledge gathered from studying the science and art of neuroscience
may have been used to break down these cognitive activities and formulate them on an
algorithmic level, which could then be coded and carried out on a computer system.

INTRODUCTION ABOUT NEUROMORPHIC COMPUTING:

Neuromorphic computing is a brain-inspired approach to computer engineering that designs
hardware and software to mimic the function and structure of the human brain. Unlike
traditional computers, which use separate processing and memory units, neuromorphic
systems combine these functions in a single, highly parallel architecture. This allows them to
process information with greater energy efficiency, adaptability, and speed.

Neuromorphic computing is a type of artificial intelligence (Al) that mimics the structure and
function of biological brains. It uses specialized hardware and software to simulate neural
networks, enabling machines to learn, adapt, and respond like living beings.

Some key aspects of neuromorphic computing include:

- Spiking Neural Networks (SNNs): Mimic biological neural networks, processing
information in a more efficient and adaptive way.

- Event-driven processing: Only process information when necessary, reducing power
consumption and increasing efficiency.

- Parallel processing: Simulate complex neural networks in real-time, enabling fast and
efficient processing.

- Adaptability and learning: Neuromorphic systems can learn from experience, adapt to new
situations, and improve over time.

Neuromorphic computing has various applications, including:

- Robotics and autonomous systems: Enable robots to learn, adapt, and interact with their
environment.

- Prosthetics and brain-machine interfaces: Enhance control and functionality of prosthetic
devices.

- Cognitive computing: Simulate human-like intelligence, enabling machines to understand,
reason, and respond.

- Edge Al: Enable efficient, real-time processing in edge devices, reducing latency and

improving performance.
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Neuromorphic computing has the potential to revolutionize various fields, from healthcare
and robotics to finance and education. Its ability to mimic biological brains and adapt to

complex situations makes it an exciting and promising area of research and development.

ADVANTAGE OF NEUROMORPHIC:

For some application fields, neuromorphic computing has a number of advantages over
conventional von Neumann computers. The most notable are energy efficiency features,
which result from architectures that partially imitate how the brain's neuronal activity are
organised and function. When it comes to Al workloads, this is particularly potent because it
enables an energy reduction of orders of magnitude when compared to hardware with
traditional designs. Spiking neural networks provide Al capabilities at a notably lower power
consumption by abstracting away the most wasteful aspects of brain-inspired processing.
High scalability, low-latency real-time computation, adaptability, and parallelism of
operations are further benefits of the architecture that enable remote sensory information
processing in real-time and high computational throughput for big data sets. Because of these

characteristics, neuromorphic computing.

APPLICATION OF NEUROMORPHIC COMPUTING:

lIoT devices and other edge computing implementations allow for sensing, actuation, and
control at the endpoints of a distributed network rather than at a single location. Because
constrained-device endpoints are frequently battery-powered and have significant resource
limits, this method necessitates real-time, low-power signal and data processing. Due to
power and spectrum limitations, only a certain quantity of data from endpoints may be
wirelessly sent. Because of their spatiotemporal processing, neuromorphic capabilities are
ideally suited for edge use cases. Additionally, they function effectively in a compact
footprint and can be utilised to execute deep networks efficiently with less training data than
traditional deep systems. In use cases like robotics and autonomous systems, substantial edge
data processing is necessary.

1. Edge Computing and loT

2. Robotics and Autonomous Systems

LIMITATIONS AND CHALLENGES:
Limitations may apply to neuromorphic computing systems, preventing their wider
application and deployment. There may be difficulties in the creation, modelling, and choice

of component hardware designs that could impede or slow down development. Proven




International Journal Advanced Research Publication

prototype designs must accurately mimic the communication and processing capacities of
neurones, synapses, and networks in order to fabricate large-scale systems.

It takes sophisticated gadget design and fabrication to accurately simulate both short-term and
long-term plasticity. Implementing certain neuromorphic hardware systems may be made
more difficult by component and system-level variability that beyond the range of biological
values. The physical layout and integration of the memristive and hardware are intricate and
can introduce considerable electro-thermal anomalies, even when custom-designed hardware
delivers favourable power and performance. To guarantee that capabilities are compatible
and can effectively utilise neuromorphic architectures, software and algorithmic development
may need to be modified during the simulation's development. To execute native neural
simulations, current learning techniques need a significant amount of time and sorting. An
adequate conversion technique is needed to characterise performance, feasibility, and any
differences in learning with pure analogue simulations using the surplus data that is already

available. If the same

Al LEARNING FROM HUMAN BRAIN:

In this part, we check the sources of inspiration that the Al models can use to inform the
structure of their algorithms. Learning from study on human behavior and neurology is the
primary source of these motivations. In the following part, specific methods of current BIAI
model will be presented. As the most complex and remarkable organ in the body, the human
brain provides the treasure of learning opportunities for Al models, as evident from the
previous introduction. The Al models can take inspiration from nervous architecture,

learning mechanisms, attention and attention, memory and recall, cognitive process, and
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creativity and imaginative ability of the human brain, based on our provisional understanding

of how brain controls physical functions and processes.

CONCLUSION:

A revolutionary step towards creating intelligent, energy-efficient and optimal systems that
repeats the functions of the human brain is a neuromorphic computing. This eliminates
important drawbacks of traditional Al systems, such as their high energy consumption and
lack of adaptability, using spikeing neural networks, event-operated architecture and parallel
processing. Its ability to change practical problem-solution is displayed by its applications in
robotics, IOT, healthcare and autonomous systems. To feel your promise completely,
however, there is still a need to address obstacles in large -scale implementation, algorithm
adaptation and hardware design. Neuromorphic computing will be important in creating the
upcoming generation of computer systems as neurology and artificial intelligence research

continues to be merged, providing scalable and durable solutions for the future of Al.
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