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   Abstract—
The increased intricacy and frequency of cyber-attacks have made the traditional intrusion detection systems ineffective in the protection of the modern network setup. The traditional signature-based and rule-based intrusion detection systems are not efficient to detect unknown and zero-day attacks, and they are characterized by a large false positive. This paper will remedy these issues by providing a proposal of a Smart Intrusion Detection System based on Deep Learning methods and Artificial Intelligence as an effective system in mitigating cybersecurity. The proposed method implements the use of Convolutional Neural Networks in the extraction of spatial features and Long Short-Term Memory networks in the extraction of temporal features in network traffic information with an attention mechanism to focus on the most significant features in the intrusion detection. The mixed method enables effective learning of complicated patterns in huge network data. It is demonstrated in the experimental outcome that the proposed system is more superior to the conventional intrusion detection systems in terms of higher accuracy, better attack classification, and lower false positives. The finding corroborates the claim that AI-based hybrid deep learning models are a scalable and adaptive model in detecting intrusion in real-time in modern network settings.
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 INTRODUCTION 
The fast changing emergence of new digital technology, cloud computing and network infrastructure has led to the growing dependency on interconnected systems [26]. The new digital technologies, as much as they increased accessibility, have increased the number of attack surfaces that can be used by the different cybercriminals. As an illustration, the present definition of cybercrime that incorporates malware, DDoS, ransomware, and APT attacks is a significant threat to the confidentiality, integrity, and availability of critical information systems. Such circumstances have led to the necessity of security measures as a prerequisite of enterprise and general network infrastructure.	
Intrusion Detection Systems (IDS) are applied in the detection of intrusion activities on the network traffic streams [11]. In addition, they are frequently inefficient and need frequent modifications, but, most importantly, they cannot identify the zero-day attacks at all, and their false positives may differ significantly [16 Recent breakthroughs in Artificial Intelligence and deep learning have shown that their potential is truly enormous and can eliminate the flaws of the typical security systems [2]. Compounded by integrating various neural network architectures, hybrid deep learning models enhance the detection performance because of their ability to capture both the spatial and temporal features of network traffic data [20].
This research work aims at enhancing the accuracy of intrusion detection, reducing the number of false positives and real-time detection of known and unknown cyber threats in the modern network environment[3].
The IDS systems that are based on machine learning have demonstrated to be better than the traditional systems based on rules since they can automatically learn features and classify[14]. 
Deep learning techniques overcome the shortcomings of the above approaches and involve neural networks with multi-layers with the capability to learn high-level abstractions directly on raw or preprocessed data [22]. However, a single deep learning model might not be sufficient to represent the diverse and multifaceted concept of modern cyber threats [12].
To this end, this paper will suggest a Smart Intrusion Detection System based on a hybrid CNN-LSTM model with attention mechanism to offer powerful and dynamic cybersecurity. The key findings of this study work are the creation of an AI-controlled hybrid deep learning model, efficient preprocessing and representation of the network traffic data, and the in-depth analysis of the performance using conventional intrusion detection datasets [30]. The suggested system will provide an extremely precise, scalable, and adaptable intrusion detection solution in the current network environment.
RELATED WORK
	Intrusion detection remains a research topic of concern in the past decades, with various methods being suggested to improve the detection of malicious actions within a network set up [1]. Traditional intrusion detection systems have to a large extent relied on rule based and signature based approaches to identify bad actions by comparing the network traffic with attack signature [2]. These systems are highly effective when it comes to detecting malicious attacks but cannot detect the zero-day attacks and need regular human intervention, thus less scalable and adaptive [3].
	In order to address these issues, the concept of intrusion detection systems based on machine learning was developed, as a result of which it became possible to extract patterns automatically on the basis of the network traffic data [4]. The use of various machine learning algorithms, including Decision Trees, Support Vector Machines (SVM), k -Nearest Neighbors (k-NN) and Naive Bayes classifiers has been widely used with the aim of intrusion detection [5], [6].Even though the machine learning methods have been discovered to offer a high level of detection accuracy when compared to the traditional rule-based systems, they are highly susceptible to human involvement in feature design and failure to operate on complex non-linear patterns in high-dimensional data [7]. Furthermore, they are observed to be poor in the processing of large and time changing network traffic data [8].
Nevertheless, recent developments have made it possible to develop deep learning-based intrusion detection systems that automatically learn hierarchical feature representations without having to extract features manually on raw or preprocessed data [9]. The Convolutional Neural Networks (CNNs) have been employed effectively in learning spatial association between traffic characteristics that have enhanced classification accuracy [10]. Equally, recurrent neural networks (RNNs) in particular Long Short-Term Memory (LSTM) networks have been used to detect the temporal relationships on sequence network traffic information which has been effective in detecting time-series and multi-stage attacks [11].
	There have been research studies done to come up with hybrid models of deep learning that can effectively integrate CNN models and LSTM to take advantage of the spatial and time features of learning features, respectively [12]. It has been demonstrated that hybrid models are more effective compared to standalone models in detecting intricate cyber-attacks [13]. Also, attention mechanisms in intrusion detection systems have recently been added to enhance accuracy and explainability with a higher focus on the most significant features and time steps when making a classification [14].
At this point, even the most advanced intrusion detection systems that are based on deep learning continue to face issues like large rates of false positives, growing computational difficulties, and the inability to adapt to new attack behaviors [15]. Based on these difficulties, this paper presents an AI-based hybrid deep learning intrusion-detection system, which combines CNN, LSTM, and attention to enhance detection performance and strength.
METHODOLOGY 
     The proposed methodology aims to design a Smart Intrusion Detection System based on an AI-powered hybrid deep learning model for effective cyberattack detection and classification in network traffic. The proposed system will have a well-organized pipeline that includes data acquisition, preprocessing, hybrid model development, training, and intrusion classification. The entire process of the proposed methodology is explained below in the following steps.
1. Data Collection
The proposed intrusion detection system will be trained and tested using the standard network intrusion datasets such as NSL-KDD, CICIDS, or UNSW-NB15. The datasets include labeled network traffic samples that include normal samples as well as different types of attacks such as DoS, Probe, R2L, and U2R attacks. The use of publicly available datasets ensures the reproducibility of the work.
2. Data Preprocessing
          Network traffic raw data may be noisy, may have missing values, repeated attributes, and categorical variables, which are not easily expressible in deep learning models. As such, pre-treatment of the data is to be conducted in order to enhance the quality of the data, and the efficiency of the models. 
•Elimination of redundant data and irrelevant data.
•The issue of lost or incongruent data.
•Label or one-hot variables as categorical variables.
•Numical variable normalisation or standardisation.
•It is necessary to convert network traffic information to fixed-size sequences so that it can be analyzed.
There should be good clean up of data, to ensure that data is in the correct form and available to be utilized in the hybrid deep learning models.
3. Feature Representation
       The processed data is modeled in an appropriate form of features representation to obtain the spatial and temporal characteristics of network traffic. The traffic properties are modeled in regular input matrices in order to support convolution computation to derive spatial correlations. In order to process LSTM, the consecutive flows of traffic are built to hold the temporal relations required.
4. Hybrid Deep Learning Model Design
         The proposed system is made up of the following core: hybrid CNN-LSTM with attendance:
CNN Layer: is trained on the spatial feature and local correlation of network traffic properties.
• LSTM Layer: Temporal dependency and sequential attack patterns of traffic flows.
• Attention Mechanism: More to the point, important features and time steps are given attention that significantly contribute towards intrusion detection.
• Fully Connected Layer: This is the final type which classifies traffic as a normal traffic or attack traffic.
The hybrid model takes the best of both full extraction of the features and improves the detection accuracy.
5. Model Training and Optimization
The hybrid model is trained through supervised learning and trained on labeled datasets. The minimization of categorical cross-entropy loss functions is performed based on the optimization algorithms such as Adam. There are hyperparameters that are optimized in order to produce the best performance such as learning rate, batch size and the number of epochs. 
6. Intrusion Detection and Classification
After the training process, the system is capable of real-time intrusion detection and classification of network traffic as either normal or intrusive. The detected intrusion is also classified into various types of attacks, which helps in the analysis of the threats.
7. Performance Evaluation
The performance of the proposed system is measured using various parameters such as accuracy, precision, recall, F1 measure, and false positive rate. Comparison of the proposed system with the existing models of IDS, which are either traditional or based on machine learning, is performed to ensure the efficiency of the proposed system.
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RESULT AND DISCUSSION
The effectiveness of the suggested Smart Intrusion Detection System based on the hybrid deep learning was tested on the standard benchmark intrusion detection datasets. The obtained experimental results clearly prove the effectiveness of the proposed hybrid CNN-LSTM model with attention mechanism in ensuring the proper detection and classification of network intrusions. The experiment findings are presented in the framework of detection, classification performance, and attack robustness.
The proposed system was found to be very successful in all of the test datasets with regards to the classification accuracy measure. The hybrid model could successfully obtain the spatial and temporal nature of the network traffic thereby facilitating proper identification of malicious activities. The proposed system showed a significant improvement in detection performance compared to the current traditional signature-based and machine learning-based intrusion detection systems, in particular, complex and rare attacks.
Attention mechanism also turned out to be a significant element of improving the performance of the system by prioritizing the most essential aspects and respective time steps, therefore, making it easier to distinguish between normal and attack traffic. The system exhibited good convergence behaviors both in the process of training and testing.
The proposed system could effectively identify a large variety of types of attacks, including Denial of Service (DoS), Probe, User-to-Root (U2R) and Remote-to-Local (R2L) attacks. The proposed system could identify high-volume attacks including DoS attacks, along with sequential attacks successfully. The hybrid CNN-LSTM could capture the long-term dependencies, which are hard to discern in the traditional IDS systems.
The suggested system was found to be better than the conventional machine learning-based intrusion detecting systems in terms of accuracy, precision, recall, and F1-score. The reduction in the false positive rate indicates that the suggested system can effectively minimize the number of false notifications, hence enhancing the productivity of the security administrators. The hybrid model of deep learning, which was proposed, was in a position to effectively adapt to the evolving patterns of attacks as compared to the rule-based systems.
The results of the experiment prove the validity of the combination of spatial feature extraction, temporal modeling, and attention-based feature prioritization to enhance the intrusion detection performance. The hybrid deep learning model proposed effectively deals with high false positives, lack of ability to detect unknown attack, and low scalability issues. The trade-off can be overcome by the improved detection performance and strong capability of the new model, despite the fact that the level of training is greater that of the traditional one. The proposed system can be applied in modern network setting where real-time and dynamic security is needed.
Accuracy, precision, recall, F1-score and false positive rate (FPR) are common measures of performance that were used to test the proposed intrusion detection system. The values of accuracy are high, and this shows the performance of the model on the whole, when it comes to the treatment of the network traffic and classifying it correctly.
 Precision refers to the system resistant to false alarms, whereas the recall refers to the system resistant to real intrusions. The balanced F1-score also confirms the fact that the proposed hybrid model is in the optimum trade-off point in detection and reduction of false alarms.
The small false positive rate of the proposed system is particularly helpful in the practice since a high false positive rate may lead to alert fatigue and loss of confidence in security systems. The involvement of the attention mechanism in avoiding misclassifications through concentrating upon the discriminating features during the prediction process is impossible to overestimate.
FUTURE WORK
The effectiveness of the suggested Smart Intrusion Detection System based on the hybrid deep learning was tested on the standard benchmark intrusion detection datasets. The obtained experimental results clearly prove the effectiveness of the proposed hybrid CNN-LSTM model with attention mechanism in ensuring the proper detection and classification of network intrusions. The experiment findings are presented in the framework of detection, classification performance, and attack robustness.
The proposed system was found to be very successful in all of the test datasets with regards to the classification accuracy measure. The hybrid model could successfully obtain the spatial and temporal nature of the network traffic thereby facilitating proper identification of malicious activities. The proposed system showed a significant improvement in detection performance compared to the current traditional signature-based and machine learning-based intrusion detection systems, in particular, complex and rare attacks.
Attention mechanism also turned out to be a significant element of improving the performance of the system by prioritizing the most essential aspects and respective time steps, therefore, making it easier to distinguish between normal and attack traffic. The system exhibited good convergence behaviors both in the process of training and testing.
The proposed system could effectively identify a large variety of types of attacks, including Denial of Service (DoS), Probe, User-to-Root (U2R) and Remote-to-Local (R2L) attacks. The proposed system could identify high-volume attacks including DoS attacks, along with sequential attacks successfully.The hybrid CNN-LSTM could capture the long-term dependencies, which are hard to discern in the traditional IDS systems.
The suggested system was found to be better than the conventional machine learning-based intrusion detecting systems in terms of accuracy, precision, recall, and F1-score. The reduction in the false positive rate indicates that the suggested system can effectively minimize the number of false notifications, hence enhancing the productivity of the security administrators. The hybrid model of deep learning, which was proposed, was in a position to effectively adapt to the evolving patterns of attacks as compared to the rule-based systems.
The results of the experiment prove the validity of the combination of spatial feature extraction, temporal modeling, and attention-based feature prioritization to enhance the intrusion detection performance. The hybrid deep learning model proposed effectively deals with high false positives, lack of ability to detect unknown attack, and low scalability issues. The trade-off can be overcome by the improved detection performance and strong capability of the new model, despite the fact that the level of training is greater that of the traditional one. The proposed system can be applied in modern network setting where real-time and dynamic security is needed.
Accuracy, precision, recall, F1-score and false positive rate (FPR) are common measures of performance that were used to test the proposed intrusion detection system. The values of accuracy are high, and this shows the performance of the model on the whole, when it comes to the treatment of the network traffic and classifying it correctly.
 Precision refers to the system resistant to false alarms, whereas the recall refers to the system resistant to real intrusions. The balanced F1-score also confirms the fact that the proposed hybrid model is in the optimum trade-off point in detection and reduction of false alarms.
The small false positive rate of the proposed system is particularly helpful in the practice since a high false positive rate may lead to alert fatigue and loss of confidence in security systems. The involvement of the attention mechanism in avoiding misclassifications through concentrating upon the discriminating features during the prediction process is impossible to overestimate.
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