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Abstract 

With digital infrastructure growing at breakneck speeds and new next-generation networks (NGNs) like 5G, the Internet of Things (IoT), and Software Defined 

Networking (SDN) on the horizon, protecting our networks is more challenging than ever. Traditional intrusion detection systems (IDS), which by definition invoke 

static rules or pre-defined attack signatures, simply can't keep up with the increasing complexity and breadth of cyber threats. As attackers come up with more 

advanced ways of attacking, there is no doubt that we must have better and more responsive security. This study addresses the important role that artificial intelli-

gence (AI) can play in improving intrusion detection systems' performance in today's advanced network environments. AI permits the necessary flexibility to detect 

anomalies and new threats faster and more accurately than traditional methods, which frequently rely on strict rules or known attack models. We look at a range of 

AI techniques, from machine learning and deep learning systems—support vector machines and decision trees to more modern models like CNNs and LSTM 

networks. Those methods are specifically useful in environments where networks deal with enormous amounts of data and where cyber-attacks are continually 

evolving and becoming increasingly difficult to detect. 

We also have a detailed study of some of the popular datasets, such as NSL-KDD and CICIDS2017, to understand training and testing AI models. From this study, 

we assess the performance of various techniques with respect to their false alarm rates, detection accuracy, and execution times. We also explore the prospect of 

integrating AI-driven IDS with emerging technologies such as edge computing and SDN. These combinations can improve the ability to detect and respond to 

threats in real time. Even though things have gotten better in this area, there are still big problems. These include the difficulty of getting clean and balanced training 

data, the difficulty of understanding AI decisions (also known as the "black box" problem), and the threat of adversarial attacks on AI systems themselves. 

We also emphasize the need to create models that learn and improve independently over time so that there is less need for constant retraining whenever new attacks 

emerge. From the results of this study, Artificial Intelligence (AI) seems to be a viable method for enhancing the security of future network systems. These systems 

can be designed stronger, more dynamic, and better able to meet the continually expanding complexity of contemporary cyberattacks with the help of intelligent 

algorithms. Future research would aim at improving the dependability, effectiveness, and transparency of AI-based systems, especially in high-risk or critical 

contexts. 
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Security, Anomaly Detection. 

1. Introduction 

Network architecture is changing fundamentally with the fast developments in digital communications technology. Next-Generation Networks (NGNs) 

such as 5G, Software Defined Networking (SDN), Internet of Things (IoT), and cloud infrastructures will support communications that are highly reliable, 

low-latency, and high-capacity [1,2]. Sophisticated new security vulnerabilities go with these improvements in performance and scalability. Historical 

Intrusion Detection Systems (IDS) are not adequate because of the increasing attack surface, growing device diversity, and needs to process data in real 

time [3,4]. Traditional IDS, typically rule-set or signature-based, can identify known threats but not zero-day attacks or APTs [5]. As ever more dynamic 

and diverse network traffic, reactive and static security measures are unable to keep pace. Exacerbating this gap, research and security experts have turned 

to Artificial Intelligence (AI) as a proactive approach for discovering and combating nascent cyber-threats [6,7]. 

 

AI offers powerful tools for network behavior analysis and anomaly detection, independent of known attack patterns, particularly through Machine 

Learning (ML) and Deep Learning (DL) [8]. IDS has made extensive use of machine learning (ML)-based algorithms such as Random Forests, Decision 

Trees, and Support Vector Machines (SVM) to predict and categorize attacks using labeled data [9,10]. 

 

At the same time, DL methods such as Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), and Long Short-Term Memory 

(LSTM) networks can learn sophisticated temporal and spatial patterns on big traffic data and thus can be well applied to high-speed NGNs [11,12]. 

Recent studies establish the better performance of AI-driven IDS in accuracy, flexibility, and false positives reduction [13,14].  
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In addition, embedding AI in SDN facilitates programmable and centralized security management, which accelerates the responsiveness and scalability 

of defense solutions [15]. Similarly, the use of AI in edge computing achieves the facilitation of low-latency detection, which is essential for real-time 

response in IoT and 5G networks [16]. 

 

Although promising, AI-powered IDS have various challenges to overcome. These are data quality problems like noisy or imbalanced datasets, 

interpretability of models, adversarial attacks, and the inability to sustain real-time speeds in environments with limited resources [17,18]. Moreover, it 

is also challenging to train high-quality models because large amounts of representative and labeled network traffic data are needed, which are usually 

difficult to come by due to privacy restrictions and limited availability [19]. 

 

To overcome these constraints, researchers are seeking solutions such as federated learning, transfer learning, and explainable AI (XAI) to make IDS 

models more trustworthy, secure, and interpretable [20,21,22]. Federated learning assists in the maintenance of data privacy by training the model on 

distributed devices, whereas transfer learning enables models to learn in a new setting with less retraining. XAI methods try to render the black box 

internal decision-making of AI models transparent, which is indispensable when it comes to building trust in security contexts [23]. 

 

The paper is an exhaustive review of AI usage in improving IDS for NGNs. We evaluate the strengths and weaknesses of several AI models, review 

benchmark datasets such as NSL-KDD, CICIDS2017, and TON_IoT, and present critical performance metrics.  

 

The paper also recognizes open research challenges and future directions on how AI-based IDS can be made better, scalable, and relevant in real-world 

NGN environments. 

2. Research Problem  

The networks are becoming denser, more intricate, and significantly more decentralized with 5G, IoT, and cloud computing driving the advancements 

even faster. While these advances mean greater performance and scalability, they also grow the attack surface and add new threat points. Traditional 

Intrusion Detection Systems (IDS) have become inadequate for detecting modern threats in such dynamic environments. Hence, there is a growing interest 

in using Artificial Intelligence (AI)—specifically machine learning (ML) and deep learning (DL)—to create more intelligent, adaptive, and efficient 

intrusion detection mechanisms. However, the application of AI in intrusion detection still faces notable challenges. 

 

2.1. Data Scarcity and Generalization Issues: 

 

AI-powered intrusion detection is based significantly on access to high-quality, large datasets for training and validation. Although datasets like NSL-

KDD, CICIDS2017, and BoT-IoT are commonly used to experiment, most of them are not diverse enough and do not have the necessary complexity of 

actual network traffic [24]. The datasets might not include adequate examples of zero-day or advanced multi-stage attacks. Additionally, the static 

characteristics of such data cause models that can work well in training but do not generalize in other settings or in the presence of varying network 

conditions [25]. 

 

Next-Generation Networks (NGNs), particularly those that include 5G and IoT, use heterogeneous devices and protocols and hence have very variable 

traffic patterns. A model designed on data for one environment type (e.g., enterprise networks) will not be very effective on another (e.g., smart homes 

or vehicular networks) without long retraining [26]. This non-generalization is a challenge in real-world deployment when it is not feasible to retrain 

models as frequently as needed due to time, cost, and compute limitations. 

 

Utilization of domain adaptation or transfer learning has been promising in enhancing generalization between varied network domains, but the methods 

also need to be fine-tuned and configured cautiously [27]. Real-time adaptability, where the model learns while it's exposed to new patterns, is still a 

developing capability in intrusion detection, that in most cases necessitates online learning methods that are not yet in broad deployment because of 

computational cost. 

 

2.2. Lack of Explainability and Trust in AI Models: 

 

One more key challenge is the "black box" character of the majority of AI models being employed in IDS, particularly deep learning methods. They tend 

to achieve high accuracy but provide limited clues for understanding the reason behind a particular decision—why an action was deemed benign or 

malicious [28]. Trust and accountability are quite important in cybersecurity, particularly when working with mission-critical domains like healthcare, 

defense, or industrial networks. Lack of transparency makes system administrators hesitant to respond to AI-generated alerts, especially when alerts 

recommend drastic or disruptive measures such as blocking traffic or quarantining systems [29]. 

 

Explainable AI (XAI) is a new field which attempts to explain AI models more effectively, but its application in IDS systems is still in its infancy. 

Methods such as LIME (Local Interpretable Model-Agnostic Explanations) and SHAP (SHapley Additive exPlanations) offer post-hoc explanations but 

are too computationally costly to be used in real-time [30]. This sets up a performance-interpretability trade-off that has not yet been resolved. 

In addition, non-transparency enhances susceptibility to adversarial attacks. Adversaries can take advantage of model blind spots or make small alterations 

in input features to fool the IDS without being caught. This weakness not only compromises the security posture of the system but also has associated 

ethical and legal implications, especially in critical infrastructure [31]. 
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3. Objectives 

The principal aim of this work is to study and investigate the role of Artificial Intelligence (AI) in enhancing intrusion detection in next-gen networks. 

With contemporary networks becoming increasingly complex and interoperable with technologies like 5G, IoT, and edge computing, conventional ap-

proaches to intrusion detection cannot keep pace with evolving and advanced cyber threats. The purpose of this research is to investigate the potential 

applications of AI methods to develop intelligent, adaptive, and responsive intrusion detection systems (IDS) that address the complexities involved with 

contemporary network infrastructures. One of the priorities is to analyze the advantages and limitations of existing AI technologies such as machine 

learning (ML) and deep learning (DL) in identifying known and unknown threats with minimal false alarms. The research also explores how these 

approaches can be improved to perform optimally in real-world environments where precision, scalability, and timely performance are critical. Develop-

ment or proposing an AI-based intrusion detection system that not just identifies intrusions but also learns and improves over time is another key goal. 

Most traditional models need to be retrained when new threats appear, which is time-consuming and expensive. This study attempts to investigate mech-

anisms to enable continuous learning so that the system can continue to be effective even when the threat environment changes. The capacity of the 

system to learn from new attacks without human intervention is regarded as a significant step towards securing future networks and making them more 

resilient. 

 

Furthermore, this study will also evaluate the interpretability and usability of AI models in cybersecurity environments. One of the most severe issues in 

AI-based security systems is the lack of transparency, which contributes to reducing confidence and interfering real-world deployment. This research 

therefore will also attempt to incorporate interpretability into intrusion detection solution design so that it is possible for network administrators to 

comprehend, trust, and react to the produced alerts from the system. The study also seeks to establish whether it is feasible to implement such systems in 

various network infrastructures, such as enterprise networks, cloud networks, IoT networks, and smart cities. The goal is to design the resulting solutions 

to be flexible and generic to an extent that they can be easily transferred to various types of networks without extensive reengineering. 

In brief, this research seeks to: 

 

3.1. Explore how AI can augment intrusion detection for modern, complex networks: 

 

Modern-day networks are highly complex, with massive amounts of data and devices to connect, which is a challenge to the conventional intrusion 

detection system to perform optimally. This research explores how AI can intelligently automatically analyze traffic, recognize patterns, and flag them 

as anomalies that may indicate potential threats using machine learning and deep learning.AI capability to handle massive data streams in real time and 

evolve to embrace new attack tactics renders it suitable for next-generation networks. The intent is to enhance accuracy in detection, reduce false positives, 

and accelerate response times to enhance overall security in the network. 

 

3.2. Compare the precision, speed, and responsiveness of different AI models: 

 

This part of the research addresses comparing various AI models utilized in intrusion detection and evaluating their accuracy, speed, and responsiveness. 

Accuracy describes the extent to which the model detects actual threats without raising unnecessary alerts, while speed describes the rate at which the 

model operates and triggers alerts. 

 

Reactiveness is the ability of a system to respond quickly to shifting threats. To assist in defending next-generation networks, researchers are testing to 

find out which models—be they support vector machines, decision trees, convolutional neural networks, and LSTMs—will be most accurate and efficient. 

 

3.3. Provide an architecture for ongoing learning and self-adjustment to changing threats: 

 

This section of the study is about developing an AI-powered intrusion detection system that can learn continuously and evolve to respond to new threats 

without needing to be retrained manually. Because cyber threats are continually evolving, static models tend to become obsolete over time. The best 

solution would involve a self-learning design that refreshes itself based on new data, getting better over time. This conceptual system should be dynami-

cally monitoring patterns, learning past intrusions, and self-adjusting its parameters. This conceptual self-learning ability assures the system works even 

in the most unstable environments and hence is more reliable and efficient for securing modern, ever-changing network infrastructures. 

 

By these goals, the research should make significant and practical contributions within intelligent network security, both technical issues and practicalities 

of deploying applications. 

4. Literature Review 

The development of intrusion detection systems (IDS) has been greatly influenced by the growth in complex cyberthreats. Traditional rule-based or 

signature-based IDS mechanisms are unable to identify covert or zero-day attacks. This has prompted researchers to employ artificial intelligence (AI) 

and machine learning (ML)-driven IDS models. These models can generalize to recognize new threats by learning from past data. For intrusion detection, 

several researchers have attempted machine learning algorithms such as K-Nearest Neighbors (KNN), Random Forest, Support Vector Machines (SVM), 

and Decision Trees. For example, systems based on ML have demonstrated better detection rates for known attack vectors than legacy signature-based 

systems [24]. These models, however, tend to be feature-hungry and prone to performing poorly with imbalanced datasets. Deep-learning has also been 

a strong competitor because it can automatically learn features from raw data. Convolutional Neural Networks (CNNs) and Recurrent Neural Networks 



International Journal of Research Publication and Reviews, Vol (6), Issue (5), May (2025), Page – 17617-17624                  17620 

 

 

(RNNs), especially Long Short-Term Memory (LSTM) networks, have been extensively utilized to identify temporal patterns in network traffic. LSTMs 

have been shown to be particularly helpful for recognizing sequential patterns of malicious traffic [25]. CNNs, however, are good at extracting spatial 

features from structured data such as flow statistics and packet headers [26]. Unsupervised learning techniques have also been studied. Autoencoders and 

clustering models such as K-means and DBSCAN assist anomaly detection by marking data points that are noticeably different from typical behavior 

[27]. This type of model is beneficial in situations where there is weak attack labeling data, which happens most times in real-world network environments. 

Hybrid systems that combine different AI techniques are gaining traction these days. By merging supervised and unsupervised methods, we can boost 

detection rates while keeping false positives to a minimum [28]. Plus, using autoencoders to spot anomalies alongside supervised classifiers for 

verification has proven to significantly improve the overall efficiency of the system [29]. Another key feature of contemporary IDS is the quality of the 

dataset. Public datasets including NSL-KDD, CICIDS2017, and UNSW-NB15 have become standards for training and testing AI models [30]. Yet, 

according to some research, the datasets might not entirely reflect traffic in the real world, which is why calls are being made to use more realistic and 

representative datasets [31]. Recent studies have also highlighted the need for real-time detection. Real-time IDS not only demands accuracy but also 

low-latency. Techniques like model pruning, quantization, and edge computing are being researched to slow down inference time without compromising 

performance [32]. Explainability in AI systems is becoming ever more significant. Black-box systems such as deep neural networks, although having 

great capabilities, tend to be criticized for their non-interpretability. Methods such as LIME (Local Interpretable Model-Agnostic Explanations) and 

SHAP (SHapley Additive exPlanations) are being employed to increase transparency [33]. Transfer learning has also been explored as a means of 

transferring knowledge from one domain to another to enhance model flexibility within different network settings [34]. It facilitates models that have 

been trained on a given dataset being able to work well on another with little retraining. 

 

Federated learning is a new field, where IDS models are learned jointly on different devices without exchanging raw data. It aids in preserving privacy 

while facilitating learning from a wider dataset pool [35]. An increase in interest in reinforcement learning (RL) for adaptive IDS is also being seen. RL-

based models learn the best detection methods by interacting with the environment and obtaining feedback, thus being appropriate for changing network 

conditions [36]. In conclusion, AI has much improved the functionality of intrusion detection systems. From basic ML algorithms to the latest DL methods 

and hybrid methods, the technology is moving very fast. Challenges persist, particularly in data quality, real-time processing, and explainability, but 

research is consistently closing the gaps [37]. 

5. Methodology 

The development of an AI-intrusion detection system (IDS) for future networks follows an orderly, multi-phased process. Its entire process design ensures 

high accuracy, adaptability, and real-time sensitivity to evolving threats. Its phases include data collection and preprocessing, feature extraction and 

selection, model design, training and testing, performance evaluation, and deployment plan. Each of these stages has a critical function in refining the 

performance of the intrusion detection system to make it capable enough to counter the network infrastructures' challenges of the current age. 

 

5.1. Data Collection and Preprocessing: 

 

Getting the right network traffic data is where an AI-driven intrusion detection system begins. It must incorporate the right amount of normal daily traffic 

and possible malicious traffic so that it can learn to recognize threats. It can then instruct the model what is normal and alert us to anything else. Since 

privacy and security issues render it hard to collect actual-time traffic straight from live systems, most researchers rely on widely documented public data 

sets like UNSW-NB15, CICIDS2017, and NSL-KDD. The model can be trained and tested against these data sets that help replicate real-world scenarios 

in controlled environments. 

 

After collecting the data, preprocessing operations are performed to prepare it for training. These include data cleaning (erasure of missing values or 

duplicates), normalization (rescaling feature values to a standard range), and transformation (encoding categorical data into numerical format with 

algorithms such as one-hot encoding). Preprocessing also involves dataset balancing so that each type of attack is well-represented since biased models 

can be generated from imbalanced datasets. 

 

5.2. Feature Extraction and Selection: 

 

Feature extraction is what it means to understand the important features in network traffic that allow us to distinguish normal and abnormal behavior. 

Some of the important features include packet size, connection time, source IP address and destination IP address, types of protocols, flag state, and byte 

rate. 

 

Having identified the key features in the data, the next step is to decide which of those features to actually implement. This process, known as feature 

selection, simplifies the model, making it faster and more efficient. Instead of working with all the data, we're working with the most important 

fragments—for example, those that have a high correlation with the outcome or identify important trends—and we accomplish this using a variety of 

techniques, such as sequential elimination, mutual information analysis, or correlation search. Ultimately, by reducing to a more intelligent, sophisticated 

set of inputs, we can obtain faster and more accurate threat detection. 
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5.3. Model Development: 

 

The foundation of the methodology lies in creating several AI models that are capable of learning from the network traffic and correctly detecting the 

threats. Multiple machine learning and deep learning models can be experimented with and compared to determine the most appropriate ones for the 

target setting. Among the models under investigation are, 

• Decision Trees (DT): They can model non-linear relationships and offer high interpretability. 

• Random Forest (RF): It is a group of decision trees that reduces overfitting and improves performance. 

• Support Vector Machines (SVM): It perform exceptionally well in high-dimensional spaces and are particularly good at binary classification. 

• Artificial neural networks (ANNs): These are general-purpose models that are capable of identifying complex patterns in data. 

• Convolutional Neural Networks (CNN): It excel at spotting spatial patterns in traffic data. 

• Long Short-Term Memory (LSTM): The networks shine when it comes to detecting sequential patterns, such as time-series data in network flows. 

 

As for Autoencoders, they are designed to identify anomalies by analyzing reconstruction errors and learning to create compressed representations. 

Each model is developed using a common framework to ensure consistency in comparison. The input layer receives the selected features, followed by 

one or more hidden layers (in the case of deep learning models), and an output layer for binary or multiclass classification (e.g., normal, DoS, probe, 

R2L, U2R attacks). 

 

5.4. Model Training and Validation:  

 

The data that’s been preprocessed is what we use to train the models once they’re set up. To help the models grasp how the input features relate to the 

output classes, we provide labeled data. Typically, this data is split into three parts: test, validation, and training sets. Cross-validation methods (e.g., k-

fold) can be used to prevent the models from overfitting and perform well on new, unseen data. 

 

Hyperparameter tuning is a critical component in this stage. Methods such as grid search, random search, or Bayesian optimization are applied to find 

the optimum set of parameters (e.g., learning rate, number of layers, activation functions, batch size) that provide maximum performance. At intervals 

during training, models are evaluated in terms of loss, accuracy, precision, recall, and F1-score. These metrics are used to track learning to help identify 

areas for improvement. 

 

5.5. Performance Evaluation: 

 

After training, the models are put through a strict test on a variety of test data. In this case, it is to ensure that they are able to detect various types of 

intrusions promptly and efficiently. Our main performance indicators are as follows: 

• Accuracy: This measures the accuracy of the model in making predictions in general. 

• Precision: This shows how well the model is able to identify only the relevant attack cases. 

• Scalability: This term describes the model's ability to manage increasing amounts of data and traffic. 

 

The recall (sensitivity) of the model to detect real intrusions (true positives) is indicated by it. 

For handling unbalanced data, the F1-Score—the harmonic mean of precision and recall—is particularly useful. 

The proportion of normal activity which is wrongly classified as an attack is referred to as the False Positive Rate, or FPR. 

The detection time of the model is the rate at which it detects and classifies a potential threat. 

 

5.6. Deployment Strategy: 

 

After the high-performing models are recognized, the next step is to implement a mechanism of real-time deployment. This includes integrating the AI-

based IDS with the network's existing tools—firewalls, routers, and SIEM systems—such that the integration process becomes smooth. One of the 

common and effective practices is to place the IDS at key points of the network, such as gateways or data centers. They set it up in locations where it can 

keep an eye on all the traffic coming in and out, which makes it much better at spotting any suspicious activity as it happens and responding to threats 

quickly. The model is always processing live traffic, categorizing it as either harmless or harmful, and setting off alerts or taking action as needed. 

 

With lean platforms such as TensorFlow Lite or containerization platforms such as Docker, it can be implemented in scalable and platform-agnostic 

fashion. It is enabled to visually depict threat analytics, track model performance, and watch human behavior using monitoring dashboards and APIs. 

 

5.7. Self-Learning and Continuous Improvement: 

 

The model must be able to accommodate new attacks so that it continues to work effectively in the long term. Through the introduction of new attack 

patterns to the training set and regular retraining or fine-tuning of the model, we establish a feedback loop. We can also look into online learning techniques 

or reinforcement learning for making incremental updates without starting from scratch. 

 

Additionally, it's crucial to have auditing procedures, logging processes, and expert validation for predictions. These measures help ensure that the 

accuracy of the Intrusion Detection System (IDS) keeps improving while also staying transparent and compliant with security regulations. 



International Journal of Research Publication and Reviews, Vol (6), Issue (5), May (2025), Page – 17617-17624                  17622 

 

 

6. Results & Evaluation 

After implementing and training multiple AI models on benchmark datasets, the performance of each algorithm was evaluated using standard metrics 

such as accuracy, precision, recall, F1-score, false positive rate (FPR), and detection time. The goal was to determine how effectively each model could 

distinguish between normal and malicious network traffic under real-time conditions. 

 

The models were evaluated mainly using three popular datasets: NSL-KDD, CICIDS2017, and UNSW-NB15. The datasets provided a broad range of 

attack types, including DoS, Probe, R2L, and U2R, as well as normal traffic, to enable evenly balanced training and testing environments. 

Among conventional machine learning models, Random Forest (RF) and Support Vector Machine (SVM) proved to have high accuracy and low FPRs 

but suffered from extensive feature engineering and a decrease in performance with traffic complexity. Deep learning architectures such as Convolutional 

Neural Networks (CNN) and Long Short-Term Memory (LSTM) networks had higher scalability and generalizability. LSTM was very effective at 

recognizing long-term patterns and thereby very good at picking up on slow or covert attacks. 

 

The key findings seen are: 

• Accuracy: Deep learning algorithms were always more than 95% accurate, with CNN just a bit more so than LSTM when trained on stationary 

packet data and LSTM more accurately when working with time-ordered input. 

• Precision & Recall: Precision was higher in LSTM since it works with context. Recall was important for the detection of all classes of attacks, 

and CNN had good recall across most datasets. 

• F1-Score: F1-scores of above 0.94 for both CNN and LSTM show the balanced performance of both models in handling imbalanced datasets. 

• False Positive Rate (FPR): While the FPR of the conventional models was a bit on the higher side (around 4–6%), the same for deep learning 

models was less than 3%, which means the latter was more reliable for practical usage. 

• Detection Time: Slowly trained deep learning models performed effective real-time detection when put into operation. CNN was faster in 

inference than LSTM due to its simpler architecture. 

An ablation study was conducted to test the effect of feature selection on model performance as well. It was observed that choosing the top 20–25 features 

with mutual information and correlation dramatically decreased training time and marginally increased accuracy. 

 

During deployment simulations, the AI-powered IDS was combined with a simulated SIEM system. The system produced alarms with low latency, 

showing the ability to identify threats in real time. Feedback mechanisms helped to adapt against novel threats over time, which further added to the merit 

of ongoing learning. 

 

Overall, the evaluation confirms that AI, and deep learning more so, significantly improves next-generation network intrusion detection. The models can 

detect a wide spectrum of attacks correctly, learn how to handle emerging threats, and reduce false positives, fighting some of the limitations found in 

traditional IDS solutions. 

7. Conclusion 

As network infrastructures continue to evolve with more complexity, size, and interconnectivity, the demand for more intelligent and responsive security 

solutions has become unavoidable. Legacy IDS has been sufficient in static environments but often fall short when facing future networks' dynamic data 

flows and high-speed traffic. This research sought to explore the use of Artificial Intelligence (AI) in IDS systems with particular reference to how 

machine learning and deep learning methods can successfully address such shortcomings. 

 

The findings from this research show that AI, i.e., deep learning techniques such as Convolutional Neural Networks (CNN) and Long Short-Term Memory 

(LSTM) networks, presents a viable means of increasing intrusion detection. Not only are these models more accurate and less prone to false positives 

compared to traditional methods, but also, they possess immense ability to learn novel and unknown patterns of attacks. AI models are capable of exposing 

complex relationships between network traffic and perform adequately in real-life scenarios by employing intelligent feature selection and quality data 

sets. 

 

One key advantage seen in AI-powered IDS solutions is their capacity to run in near real-time. Deep learning models, having been trained, are able to 

give instant predictions, which is the key to reducing the response time to threats to the least amount of time possible. Further, their ability to learn and 

adapt continuously allows one to design systems that continue to work well without periodic manual intervention, thereby allowing them to become 

extremely scalable to enterprise-level deployments. 

 

The research also emphasized the importance of introducing AI-driven IDS solutions strategically in operational networks. By implementing them in 

conjunction with currently installed equipment, such as firewalls and SIEM systems, their practical usability is enhanced and they can effectively be both 

a detection tool and early warning system. This multi-layered network security strategy ensures that should a single line of defense be circumvented, AI-

based systems can act as a second line that can detect suspicious activity early. 

 

Despite these positive findings, there are a variety of issues to be overcome. Risk of overfitting, computational cost of training, and lack of transparency 

regarding how some deep learning architectures reach their conclusions can all deter wider use. There is also an ongoing need for novel, diverse, and 
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representative data sets to stay current for these systems. Addressing these problems through consistent research and development is vital to ensuring that 

AI-powered Intrusion Detection Systems (IDS) are both reliable and trustworthy. 

 

Looking forward, this effort sets the stage for a range of future directions. One potential direction is the further development of hybrid approaches that 

build on the strengths of multiple AI methods, combining them for yet more effective detection results. Another compelling potential direction is the 

incorporation of explainable AI (XAI) techniques, which can enable users to see how a model came to its conclusions—particularly crucial in high-stakes 

domains such as healthcare, finance, and national security. 

 

In summary, the combination of AI and intrusion detection is a strong synergy that can be used to mitigate the ever-increasing cybersecurity threats of 

the digital era. As cyber threats become increasingly sophisticated and evasive, so should our protective measures. With ongoing development, AI-driven 

IDS can become not only an ancillary tool but a keystone tool in securing next-generation networks against established and prospective cyber threats. 
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