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Abstract

Brain-inspired artificial intelligence offers a potential avenue for enhancing adaptive, efficient and intelligent
computing systems in various applications. This research seeks to investigate the structure, efficiency and
implementation of neuro-inspired algorithms and models for improving machine learning in health care, edge
computing and smart systems. This study adopts a holistic approach to integrating recent research on brain-inspired
algorithms, such as evolutionary algorithms, synaptic learning rules, and hybrid deep learning models, and compares
their efficiency, adaptability and interpretability. The findings show that neuro-inspired models offer substantial
enhancements in learning efficiency, energy-efficiency, and decision-making, particularly in complex and big data
environments like medical applications and IoT systems. Moreover, incorporating hardware technologies such as
memristor chips and Al accelerators also improves speed and scalability. The results also demonstrate the ability of
these models to enable continuous learning and dynamic adaptation. In summary, neuro-inspired Al offers a novel
avenue to build next-generation energy-efficient and adaptive intelligent systems, but there are also challenges in
scaling and practical implementation that need to be addressed.
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1. Introduction

Neuro-inspired artificial intelligence (AI) has emerged as a promising technology that seeks to replicate biological
neural mechanisms to boost computational efficiency and learning capability [1] [2]. These networks combine insights
from neuroscience, evolutionary algorithms, and deep learning to enhance efficiency, resilience and learning ability in
complex domains [3] [4]. Recent research has shown the efficacy of neuro-inspired models in signal processing,
adaptive learning and enhancing system intelligence for applications in healthcare, wireless sensor networks and edge
computing [5] [6] [7] [8]. In addition, the development of hybrid models and interpretable learning approaches has
boosted the practicality of such techniques in real-world applications, such as medical diagnostics and loT-based
systems [9] [10].

However, challenges remain with regard to scalability, computational costs, and the lack of biological realism in
artificial systems [11] [12] [13]. Current methods tend to fall short in efficiently integrating learning and energy
efficiency in dynamic and resource-limited scenarios [14] [15]. Additionally, the disconnect between hardware and
algorithmic innovations limits the potential of neuro-inspired systems in future computing systems [17] [18].

To overcome these challenges, this work seeks to investigate and consolidate neuro-inspired learning techniques, with
a particular emphasis on their optimisation, flexibility and practical use [19] [20]. The goals are to assess the
improvements in performance, the challenges in their design, and offer insights for the integration of novel learning
approaches with next-generation technologies [22][23]. This study contributes to the field through a systematic review
of neuro-inspired approaches, benchmarking their performance, and providing insights into potential avenues for future
research to build efficient, scalable and intelligent systems.

2. Literature Survey

Neuro-inspired artificial intelligence has seen significant progress in recent years, with a focus on improving
adaptability, efficiency and interpretability of learning systems. Pioneering efforts focus on nature-inspired
optimization methods, such as brain-inspired mutation and neuroevolution, and enhance convergence and intelligence
in medical data analysis [1]. Dual reviews cover the incorporation of neuroscience concepts in deep learning and
genetic algorithms, showing enhanced learning speed but also insights into the problems of generalization and
scalability [2]. Other contributions apply similar principles to networked and embedded systems, introducing neuro-
inspired routing and security algorithms for improved energy efficiency and robustness in wireless sensor networks
[3]. Likewise, synapse-based optimisation and adaptive neuron models have been proposed to improve decision-
making and learning adaptability, although their computational efficiency is a challenge [4] [5].

Other recent developments include adaptive neuro-inspired learning algorithms and hybrid models for IoT and medical
applications, with enhanced performance and interpretability in applications like lesion detection and predictive
modelling [6] [9]. Hardware-specific innovations, such as memristor devices and Al accelerators, have also facilitated
efficient edge learning and fast computation, bridging the gap between biology-inspired and real-world applications
[8] [16]. Moreover, research on continual learning and neuro-inspired plasticity showcases the promise of lifelong
learning, but challenges remain with stability-plasticity balances [10] [17]. Robotics, cognitive manufacturing, and
electronic skin systems also demonstrate the applications of neuro-inspired technologies [11] [12] [18].

Despite these advances, there are still research gaps. Current models often lack a balance between biological accuracy
and computational efficiency, which restricts their use in real-world applications [13] [14]. Additionally, there is a need
for integrated models that bridge algorithmic, hardware and application-level innovations [15] [19]. Additionally,
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optimization methods tend to be task-specific and do not consider adaptability across domains or the energy-
performance trade-offs holistically [20] [21]. Although evolutionary and hybrid systems show promise, their
complexity and absence of standards limit their adoption [22] [23].

As such, the current study is warranted by the necessity for an integrated and systematic approach that integrates neuro-
inspired algorithms, optimization, and implementation. Through the evaluation of current approaches and their
shortcomings, this work seeks to provide insight towards the design of scalable, energy-efficient and adaptable neuro-
inspired Al systems for next-generation intelligent applications.

3. Materials and Methods

Here we present the data sets, platforms, experimental framework, algorithms and methodology we have used to test
neuro-inspired learning models. The methodology is aimed at being reproducible, with a detailed description of the
process from data collection to model testing. The experiments were conducted in Python-based environments using
libraries like TensorFlow, PyTorch, and NumPy for model building, and MATLAB for model validation and data
visualization. The experiments were conducted on a typical computing setup with GPU acceleration to facilitate deep
learning tasks and optimization algorithms.

The proposed neuro-inspired model's optimization goal is:

N
1
JO) =3 Y L) (O
i=1

where [ () is the loss function, N is the number of samples, L is the error function, y; is the actual output and y; the
predicted output. The loss function (1) is used to train the network to reduce prediction error.

The adaptive weight update mechanism inspired by synaptic plasticity is expressed as:

Wep1 = We + 1 Aw (2)

where weand wy, ;are weights at iterations tand t + 1, nis the learning rate, and Aw being the weight update based on
neuron activity. Eq. (2) guarantees that the model parameters are updated.

3.1 Data Collection

Publicly available datasets related to healthcare analytics and intelligent systems are used in the study. For example,
medical imaging datasets like the ISIC Skin Lesion Dataset (https://www.isic-archive.com) and UCI Machine Learning
Repository datasets (https://archive.ics.uci.edu) are employed to assess the classification and prediction accuracy.
These datasets contain both structured and unstructured data, which allows for testing of neuro-inspired models in
various scenarios. Data is prepared via normalization, denoising and feature extraction to improve quality and
uniformity.

3.2 Proposed Method

Our neuro-inspired model combines evolutionary algorithms and deep learning to improve learning ability. The steps
of the process are:

A. Step One: Data Preprocessing and Feature Extraction
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Data is preprocessed, standardized and converted into feature vectors. Redundancy is reduced and computational costs
are lowered through dimensionality reduction.

B. Step Two: Neuro-Inspired Model Initialization

A model inspired by neurons and synapses is initialized. Weights and biases are randomly initialized and ready to be
optimized.

C. Step Three: Evolutionary Optimization

An evolutionary-based mutation algorithm is used to enhance the model. The objective function is based on Equation
(1) and candidate solutions are evolved.

D. Step Four: Adaptive Learning Mechanism

The model learns from the data by adjusting its parameters according to the synaptic learning rule in Equation (2),
allowing it to adapt to changing data patterns.

E. Step Five: Performance Evaluation

The trained model is assessed in terms of accuracy, precision, recall and F1-score. The model is benchmarked against
other models.

The values shown in Table 1 are used for the evaluation of system parameters and performance.

Table 1. Training parameters used for the proposed model

Parameter | Description Value

LR Learning Rate | 0.01
E Epochs 100
BS Batch Size 32

Fig. 1 shows the general flow of the neuro-inspired learning framework, involving data preprocessing, training,
optimization and evaluation.
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Fig. 1. Overall workflow of the proposed neuro-inspired learning framework with iterative feedback optimization

4. Results and Discussion

Our neuro-inspired learning model was tested on standard healthcare and smart system datasets to measure its accuracy,
speed and flexibility. The findings show that the combination of evolutionary algorithms and synaptic learning
improves prediction accuracy over traditional deep learning approaches. The performance metrics for the experiments

are shown in Table 2 below.

Table 2. Performance evaluation of the proposed model (placed above the table)

Model Type Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%)
Conventional Deep Learning 88.4 87.9 86.7 87.3
Genetic Algorithm-Based Model 90.1 89.5 88.6 89.0
Proposed Neuro-Inspired Model 93.6 92.8 91.9 923

The accuracy of the proposed model reaches to 93.6% - the highest among the traditional deep learning models and
the genetic algorithm-based deep learning models, as shown in Table 2. This is due to the dynamic weight update
(Equation (2), allowing for ongoing learning and improved model generalization. Moreover, the learning strategy based
on Equation (1) effectively reduces prediction error.
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Fig. 2. Comparative performance analysis of conventional, genetic algorithm-based, and proposed neuro-
inspired models

Fig. 2 compares Accuracy, Precision, Recall, and F1-Score across three models. The proposed neuro-inspired model
consistently outperforms the baseline approaches, demonstrating improved predictive performance and learning
efficiency.

Comparing our results with the literature, the results obtained are in line with the literature that stresses the advantages
of neuro-inspired and hybrid learning systems for enhancing model performance [1] [2]. Comparable gains in energy-
efficient and adaptive learning are reported in neuro-inspired routing and health care systems [3] [6]. Moreover, the
performance improvements are in line with studies on memristor-based and hardware-accelerated learning systems,
which underline the need for algorithm and hardware co-innovation [8] [16].

But while the method demonstrates better performance, there are some limitations. The evolutionary optimization
process can result in longer training times, as reported in previous studies [7] [14]. Also, stability issues continue to
exist during adaptation, especially in highly dynamic data, which also aligns with findings of research in continual
learning [17]. In conclusion, the results demonstrate that the proposed neuro-inspired approach offers a trade-off
between accuracy, adaptability and speed, and can be used for next-generation intelligent systems. It also highlights
the need for future work in improving computational efficiency and scalability for deployment in real-world systems.

5. Conclusion

This research introduced a neuro-inspired learning paradigm with evolutionary optimization and adaptive synaptic
learning to improve the efficiency of cognitive systems. The findings show that the proposed method leads to enhanced
accuracy, precision, recall and learning efficiency compared to traditional and genetic algorithm-based approaches.
The use of biologically inspired mechanisms allows for improved generalization, stability, and adaptability in complex
and data-rich systems such as healthcare analytics and IoT systems. The findings also demonstrate the benefits of
integrating optimization techniques with weight adjustment to attain stable and robust models.

For practical applications, the proposed framework offers significant benefits for building energy-efficient and scalable
Al systems. The framework enables real-time processing, enhances interpretability, and is consistent with the recent
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trends in edge computing and hardware-accelerated Al. These features make it a potential choice for applications in
sensitive areas such as medical diagnosis, intelligent sensing and autonomous control.

But the research also highlights several disadvantages, including higher computational costs and training instability
with continuous learning. Future work should aim to enhance model simplicity, scalability and incorporate cutting-
edge hardware technologies, including neuromorphic chips and Al accelerators. Furthermore, hybrid models that
integrate neuro-inspired approaches with explainable Al and federated learning could be explored to improve
performance and utility of the proposed framework. In summary, neuro-inspired Al has the potential to play a crucial
role in the development of next-generation intelligent systems, but challenges must be tackled to unlock this potential.
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