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Abstract

Cybersecurity has become a critical issue due to the increasing sophistication and frequency of cyber-attacks. Traditional
intrusion detection systems (IDS) have limitations, particularly in detecting new and unknown attacks. This paper
proposes a hybrid approach combining machine learning (ML) and attention mechanisms in an Al-driven IDS to address
these limitations. The proposed system utilizes autoencoders for anomaly detection and integrates attention
mechanisms to focus on the most relevant features, improving detection accuracy and reducing false positives. Results
indicate that the proposed system outperforms traditional methods, demonstrating a significant improvement in
accuracy by 15-20%, alongside a reduction in false positive rates. The use of Z-score normalization in data preprocessing
further enhances the system's ability to process and detect intrusions effectively. The proposed system shows promising
results, offering an adaptive and scalable solution to evolving cybersecurity threats. Future work involves exploring the
integration of more advanced models like transformers, improving system scalability, and addressing the challenge of
model explainability for better transparency and trust in security operations.

Keywords: Cybersecurity, Intrusion Detection System (IDS), Machine Learning (ML), Autoencoder, Attention Mechanism,
Anomaly Detection.

1. Introduction By leveraging the power of machine learning algorithms,
AI-IDS can analyse vast amounts of network traffic and
system data in real-time, identifying anomalies and
patterns indicative of a potential attack [7]. Unlike
traditional systems, which often rely on static rule sets,
machine learning models can continuously learn from
new data, adapt to emerging attack vectors, and improve
their detection capabilities over time [8]. This enables Al-
IDS to provide more accurate, faster, and scalable threat
detection compared to their traditional counterparts [9].

One of the most significant advantages of Al-based IDS is
their ability to detect unknown or zero-day attacks [10].
Traditional IDS models are typically ineffective against
novel threats that do not have predefined signatures [11].
In contrast, Al and ML-based approaches can identify

In today’s rapidly evolving digital landscape, cybersecurity
has become a paramount concern for individuals,
organizations, and governments alike [1]. With the
increasing frequency and sophistication of cyberattacks,
traditional security measures such as firewalls, antivirus
software, and intrusion prevention systems (IPS) are no
longer sufficient to defend against complex and emerging
threats [2]. Intrusion detection systems (IDS) play a
crucial role in identifying and mitigating these threats,
often serving as the first line of defines against malicious
activities in network environments [3]. However, as cyber
threats become more advanced, traditional IDS methods,
which primarily rely on rule-based approaches and
signature matching, are struggling to keep pace with

modern attack techniques [4]. This is where artificial
intelligence (Al) and machine learning (ML) algorithms
come into play, offering a more adaptive and dynamic
approach to cybersecurity [5].

Al-driven intrusion detection systems (Al-IDS) are
revolutionizing the way cybersecurity professionals detect
and respond to potential security breaches [6].
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patterns and anomalies that deviate from normal
behaviour, even if they have never been encountered
before [12]. This capability is crucial in today's landscape,
where attackers are constantly devising new methods to
evade detection [13].

Machine learning techniques, such as supervised
learning, unsupervised learning, and reinforcement
learning, form the backbone of Al-driven intrusion
detection systems. Supervised learning models are
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trained on labelled data, learning to classify traffic as
either normal or malicious based on historical examples
[14]. Unsupervised learning methods, on the other hand,
can detect anomalies without requiring labelled data,
making them useful for identifying previously unknown
attack patterns [15]. Reinforcement learning, a newer
paradigm, allows the system to continually learn and
adapt its detection strategies based on feedback from its
environment [16].

Despite the promising capabilities of AI-IDS,
implementing these systems is not without its challenges.
One of the main hurdles is the availability of quality data
for training machine learning models [17]. Anomaly-based
detection relies heavily on accurate representations of
normal network behaviour, and any deviation from this
baseline is flagged as suspicious [18]. However, obtaining
sufficiently large and diverse datasets that accurately
represent both benign and malicious activities can be
difficult [19]. Furthermore, there is a risk of high false
positive rates, where legitimate activities are incorrectly
classified as attacks, leading to unnecessary alerts and
potential operational disruptions [20].

Another challenge in Al-driven intrusion detection is
the interpretability of machine learning models [21].
While deep learning models, such as neural networks, are
highly effective at detecting complex patterns, they often
operate as black-box systems, making it difficult for
security analysts to understand why a particular decision
was made [22]. This lack of transparency can hinder the
trust and adoption of AI-IDS in critical systems, where
accountability and traceability are essential [23].
Researchers and developers are, however, actively
working on explainable Al (XAl) techniques that aim to
make these models more interpretable and provide
insights into their decision-making processes [24].

To enhance the effectiveness of Al-driven intrusion
detection systems, hybrid approaches that combine
different machine learning techniques are increasingly
being explored [25]. By combining the strengths of
various algorithms, such as convolutional neural networks
(CNNs), recurrent neural networks (RNNs), and attention
mechanisms, hybrid systems can provide more accurate
and efficient detection capabilities [26]. These hybrid
systems can leverage the power of deep learning to
capture both local and global patterns in network traffic,
making them highly effective at detecting complex and
multi-step attacks [27].

One such promising approach is the integration of
attention mechanisms into machine learning models.
Attention mechanisms, particularly in the context of deep
learning, allow the model to focus on the most relevant
features of the input data [28]. This is especially useful in
the context of IDS, where the vast amount of data being
processed can overwhelm traditional models. By focusing
on the critical parts of the data, attention-based models
can significantly improve detection accuracy and reduce
the number of false positives [29]. The ability to focus on
specific aspects of the data, such as packet size, protocol
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type, or time intervals, enables more nuanced and
context-aware intrusion detection [30].

In conclusion, the fusion of Al and machine learning
with traditional intrusion detection systems represents a
powerful and necessary evolution in cybersecurity. As
cyber threats become more sophisticated, Al-driven
models will be essential in providing proactive, adaptive,
and scalable defines mechanisms. With the continued
development of hybrid models, attention-based
mechanisms, and reinforcement learning strategies, Al-
IDS has the potential to offer more effective and efficient
protection against the ever-evolving landscape of cyber
threats.

Section 2 discusses the literature review. The issue
statement is covered in Section 3, and the technique is
covered in Section 4. Section 5 presents the article's
findings, while Section 6 provides a summary.

2.1 Literature Review

Nagarajan, H., & Kurunthachalam, A. (2018) [31] discusses
the shift in cybersecurity from traditional human-centric
defence mechanisms, such as firewalls and antivirus
software, to more advanced machine-based solutions,
highlighting the limitations of traditional methods in
addressing the increasing number of entry points and
connected devices, and the growing frequency of security
breaches. Sidharth [32] explores various cybersecurity
strategies for loT environments in smart cities, including
encryption, secure authentication, network security
protocols, blockchain, and machine learning-based
anomaly detection, while highlighting the limitations of
current methods in addressing the complexity and scale
of loT-related cyber threats in urban ecosystems.
Srinivasan, K., & Arulkumaran, G. (2018) [33] discusses
the use of machine learning, specifically tree-based
models, for building intelligent intrusion detection
systems to address the growing cybersecurity threats in
loT and Al environments, while highlighting the
limitations related to timely detection and the increasing
complexity of cyber-attacks.

Srikanth  Mandru [34] explores the role of
cybersecurity in  protecting financial transactions,
examining technological measures like encryption, multi-
factor authentication, and blockchain, while addressing
limitations such as regulatory challenges, technical
implementation issues, and user convenience in
combating evolving cyber threats like phishing, malware,
and DDoS attacks. Musam, V. S., & Kumar, V. (2018) [35]
proposes an adaptive framework to enhance the
performance of signature-based network intrusion
detection systems (NIDS) like Snort, incorporating trust-
based packet filtering, exclusive signature matching, and
machine learning-based false alarm reduction, while
addressing limitations such as overload packets,
expensive signature matching, and high false alarm rates.
Folorunso and and Babalola ([36] proposes a
combinatorial  algorithm-based  network intrusion
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detection system (CA-NIDS) that enhances signature-
based systems (SBS) by incorporating additional
databases for detecting new attacks and reducing traffic
analysis time, while addressing the limitations of SBS such
as difficulty in detecting novel attacks and managing up-
to-date signature databases, and achieving a low false-
positive rate of 3% with 96.5% accuracy.

2.2 Problem Statement

e Traditional signature-based systems (SBS) rely on
predefined attack signatures, making them
ineffective against novel or evolving threats that have
not been previously identified and included in the
signature database [37].

e Traditional methods, especially signature-based
systems, often generate a significant number of false
positives, flagging legitimate network traffic as
malicious, which leads to unnecessary alerts and
increased workload for security teams [38].

e As network traffic increases in volume and
complexity, traditional systems struggle with
processing large amounts of data efficiently, often
resulting in system overloads, slow traffic analysis,
and delayed detection [39].

e Traditional intrusion detection methods require
continuous updates to signature databases to keep
up with new attack vectors. This constant need for
manual updates and management makes them less
agile in responding to fast-evolving threats [40].

3. Proposed Autoencoder Attention Mechanism

The process begins with Data Collection, where relevant
network or system data is gathered. Next, Data
Preprocessing using Z-Score Normalization is applied to
standardize the data, ensuring all features are on the
same scale. The pre-processed data is then passed
through the Intrusion Detection phase, which leverages
an autoencoder-based model enhanced by an attention
mechanism to identify anomalies or intrusions. Following
this, Performance Evaluation is carried out to assess the
effectiveness of the detection system based on metrics
such as accuracy, precision, and recall.

Data Preprocessing
using Z-Score
Normalization

Intrusion Detection
Data C i

Mechanism)

Performance Alerting and Reporting
Evaluation System

Figure 1: Block Diagram of Autoencoder Attention
Mechanism

Finally, the Alerting and Reporting System generates real-
time alerts and detailed reports for security teams,
enabling them to take immediate action. This structured
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approach ensures that the IDS efficiently detects threats,
reduces false positives, and provides timely responses to
security incidents. The Figure 1 shows the Autoencoder
Attention Mechanism.

3.1 Data Collection

The Network Intrusion Detection Dataset on Kaggle,
provided by user sampadab17, is a valuable resource for
training and evaluating intrusion detection systems (IDS).
It contains simulated network traffic data with various
types of intrusions, making it ideal for anomaly detection
tasks. The dataset includes labelled instances of both
normal traffic and different attack types, allowing
machine learning models to distinguish between benign
and malicious activities. With this dataset, users can apply
Al and machine learning algorithms to develop models
that can effectively detect intrusions and improve
cybersecurity measures. It is particularly suitable for
researchers and practitioners working on network
security and the development of real-time intrusion
detection systems.

Dataset Link:  https://www.kaggle.com/
sampadab17/ network-intrusion-detection

datasets/

3.2 Data Preprocessing Using Z-Score Normalization

Data preprocessing is a critical step in machine learning
and statistical modelling, as it ensures that the input data
is in a format that allows the model to learn efficiently
and accurately. One of the common techniques for data
preprocessing, particularly when dealing with numerical
data, is Z-score normalization. This technique, also known
as standardization, transforms data so that it has a mean
of 0 and a standard deviation of 1. Z-score normalization
helps to bring all features onto the same scale, which is
important for many machine learning algorithms that are
sensitive to the scale of the input data.

Z-score normalization is a statistical method that
transforms each feature of the data by subtracting its
mean and dividing by its standard deviation. This process
shifts the data to have a mean of 0 and scales it so that
the spread of the data has a standard deviation of 1.

The formula for Z-score normalization is shown in the
equation (1):

X-u
Z=— (1)
Where Z is the normalized value. X is the original data
value. u is the mean of the feature. o is the standard
deviation of the feature.

Steps Involved in Z-Score Normalization

Calculate the Mean: For each feature (column in your
dataset), compute the mean, denoted as u. The mean
represents the central tendency of the data it can be
represented in the equation (2):
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1
H==

i=1 Xi (2)
Calculate the Standard Deviation: Compute the standard
deviation, o, for each feature, which measures the spread
of the data points around the mean can be shown in the
equation (3):

o= A5, G- py 3)

Normalize the Data: For each value in the feature,
subtract the mean and divide by the standard deviation.
This will transform the feature values to have a mean of 0
and a standard deviation of 1. It can be represented in the
equation (4):

z7==t (4)

3.3 Intrusion detection using autoencoder attention
mechanism

Intrusion Detection Systems (IDS) are designed to monitor
and detect malicious activities in network traffic or
computer systems. In recent years, Autoencoders (AEs)
and Attention Mechanisms have been widely applied to
enhance the performance of IDS. These methods work
together to identify anomalies in network traffic or
system behaviour that may indicate an attack. Let's break
down how the Autoencoder and Attention Mechanism
are integrated for intrusion detection and discuss the
mathematical formulations that underpin this system.

Autoencoder Overview

An Autoencoder (AE) is a type of neural network that is
typically used for unsupervised learning tasks, such as
anomaly detection. The network is trained to learn an
efficient encoding of the input data, and then reconstruct
the input from this encoding. Anomalies are detected
based on the reconstruction error, as data points that
deviate significantly from the norm (e.g., network traffic
behavior) will produce a large reconstruction error.

An autoencoder consists of two main parts:

Encoder: Maps input x to a latent representation z.
Decoder: Reconstructs the input X from the latent
representation z.

The Reconstruction Loss measures how well the
autoencoder can reconstruct the input data as shown in

the equation (5):

Lreconstruction = ”X - )A(HZ (5)

Where x is the original input data. X is the reconstructed
input data. || -||* represents the squared L 2 norm
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(Euclidean distance), which measures the difference
between the original and reconstructed data.

In the context of Intrusion Detection, if the
reconstruction error is large for a particular input, it
indicates that the data point is an anomaly and might
represent an intrusion.

Attention Mechanism Overview

The Attention Mechanism is used in deep learning models
to allow the model to focus on the most relevant parts of
the input data while processing. This mechanism is
particularly useful when dealing with high-dimensional
and sequential data, such as network traffic patterns over
time. The goal is to assign different attention scores to
different parts of the input to focus on the most
significant features. In an Attention Mechanism, each
element of the input x; is given an attention weight «;
that determines how much focus the model should place
on that element. The attention weight «a; is computed
using a function that depends on the inputs, usually via a
scoring function (e.g., dot-product, additive scoring).

Let's define the attention score as follows as in the
equation (6):

__exp (f(xp)

N PTRENY (6)
3y exp (1(x)

Where f(x;) is the score of the feature x; (can be
calculated using a neural network, dot-product, or other
functions). The denominator is a normalization term
(SoftMax function), ensuring that all attention scores sum
to 1. The attended output is then computed as a
weighted sum of the input features, weighted by the
attention scores a; as shown in the equation (7):

y =2 @ (7)

Here, the model uses attention to select which part | the
input is most relevant to focus on, improving the feature
extraction process.

Combining Autoencoder and Attention Mechanism for
Intrusion Detection

Now that we have the basic understanding of both
autoencoders and attention mechanisms, let's combine
them to create an Autoencoder with Attention
Mechanism for Intrusion Detection.

Step 1: Encoding the Input
The first step is to pass the input data x through the
encoder part of the autoencoder, which maps the input

to a lower-dimensional latent space z as expressed in the
equation (8):

z = Encoder(x) (8)
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Step 2: Attention on Latent Features

Once the data is encoded into the latent space, we apply
the Attention Mechanism to focus on the most important
latent features that contribute to the anomaly detection
task. Let z; represent each latent feature in the latent
space.

We compute the attention scores a; for each latent
feature z; using a scoring function f(z;) as shown in the
equation (9):

exp (f(zi))
=P 9
L Y exp (f(zj)) )
The attended latent representation is then calculated by
taking the weighted sum of the latent features z; as
shown in the equation (10):

Zattended = i ®iZ; (10)

Step 3: Decoding the Attended Latent Representation

After applying the attention mechanism, we decode the
attended latent representation Z,iengeq tO reconstruct
the input data as shown in the equation (11):

x= DeCOder(Zattended) (11)

Step 4: Reconstruction Loss for Anomaly Detection

Finally, the Reconstruction Loss is computed between the
original input X and the reconstructed output X as shown
in the equation (12):
Lreconstruction = ”X - )A(llz (12)
If the reconstruction loss is high, it indicates that the

input data is an anomaly, which might represent an
intrusion.

Alerting and Reporting in Intrusion Detection Systems
(IDS)

Alerting and reporting are critical components of an
Intrusion Detection System (IDS). After detecting an
anomaly or a potential intrusion, the IDS needs to
generate appropriate alerts and reports. The purpose of
alerting is to notify security personnel about suspicious
activities, while reporting provides detailed insights into
these activities for further investigation.

Let’s explore how the alerting and reporting processes
work in an IDS, and how we can mathematically model
the triggering of alerts based on certain thresholds,
followed by generating detailed reports based on
detected events.

Alerting Mechanism

An alert is generated when the system detects that an
event or behavior deviates significantly from the normal
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behavior. Typically, an IDS will use a threshold to decide
when to trigger an alert based on the severity or
significance of the anomaly.

Mathematical Formulation for Alert Generation

Let's define x as the input feature vector representing the
network or system behavior at a given time. X as the
reconstructed feature vector (or predicted behavior) from
an autoencoder or another model. Lioconstruction @S the
reconstruction error or the difference between the
observed feature vector and the reconstructed vector,
which measures the anomaly level as shown in the
equation (13):
Lreconstruction = ”X _ﬁllz (13)
Here, L econstruction r€presents the error or the "degree of
deviation" of the observed data from the
expected/normal behavior.

To determine if an anomaly should trigger an alert, we
define a threshold T, . If the reconstruction error
Lieconstruction €Xceeds this threshold, an alert is triggered
as shown in the equation (14):

Alert =

{1 if Lreconstruction > Talert (14)

0 If LI”ECOI']StI’UCtiOI"I S Talert

Where Alert = 1 means an alert is generated, and the
system flags this as potentially malicious or anomalous
behavior. Alert =0 means no alert is generated,
indicating that the behavior is considered normal.

In many systems, this alerting process can involve
different levels of severity, so a severity function S may
be introduced to assign a severity score based on the
magnitude of the reconstruction error as shown in the
equation (15):

S= f(Lreconstruction) =a- Lreconstruction (15)
Where «a is a scaling factor that adjusts the sensitivity of
the severity score.

The severity score S could then be used to classify the
alert into different categories, such as low, medium, or
high severity. If the score exceeds a certain threshold, it
could trigger a more urgent or critical alert.

3.4 Alerting and Reporting System

In the context of Intrusion Detection Systems (IDS),
alerting and reporting are critical functionalities that help
security teams to quickly detect and respond to potential
security incidents. The alerting mechanism involves
generating notifications when an anomaly or intrusion is
detected, while reporting provides a detailed analysis of
the event, including its characteristics and severity.

Let's break down how these two processes can be
mathematically formalized and integrated into an IDS.
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Alerting Mechanism

Alerting in IDS is triggered when an anomaly or an
intrusion event is detected. The event is typically
characterized by a deviation from the expected system
behaviour, often quantified by a reconstruction error or
anomaly score.

Mathematical Formulation for Alerting

Let:

x € R be the input feature vector representing the
observed behavior (e.g., network traffic, system logs) at a
specific point in time.

% € RY be the reconstructed feature vector generated by
the IDS model (e.g., an autoencoder) representing the
expected or normal behavior.

The reconstruction error L, .construction 1S cOMputed as the
difference between the observed and the reconstructed
data as shown in the equation (16):
Lreconstruction = [1X — %12 (16)
Where || - ||?> denotes the squared Euclidean norm (or L2
norm), which is used to measure the "distance" or "error"
between the actual input and the expected reconstructed
input.

To trigger an alert, the reconstruction error is
compared to a predefined threshold T, . If the error
exceeds this threshold, an alert is triggered as shown in
the equation (17):

1 if Lreconstruction > Talert

Alert = { (17)

0 If Lreconstruction S Talert

Where Alert =1 indicates that an alert has been
generated (an anomaly is detected). Alert = 0 means no
alert is generated (normal behavior). This means that
when the reconstruction error L .construction €Xceeds the
threshold T, the system identifies the behavior as
anomalous and raises an alert.

Severity of Alerts

In some systems, the severity of the alert can be
quantified based on the magnitude of the reconstruction
error. The severity S can be modeled as a function of the
reconstruction error as shown in the equation (18):
S = @ Lreconstruction (18)

Where «a is a scaling factor that adjusts the sensitivity or

weight of the severity score. Larger errors imply higher
severity.

4. Results and Discussions

The implementation of Al-driven Intrusion Detection
Systems utilizing machine learning algorithms has shown
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a marked improvement in detecting complex cyber
threats with higher accuracy and fewer false alarms.
These systems effectively analyse large volumes of data,
identifying anomalies and potential intrusions in real-
time, thereby enhancing overall cybersecurity defences.

Detection Time for Intrusion Detection System (IDS)

—e— Detection Time

Detection Time (seconds)
o
®

] 20 40 60 80 100
Sample Number

Figure 2: Detection Time for Intrusion Detection System

The graph above visualizes the detection time of an
Intrusion Detection System (IDS) over 100 samples. The x-
axis represents the sample number, while the y-axis
indicates the detection time in seconds. Each data point is
plotted as a blue circle connected by a line, showing the
fluctuation in detection time across various samples. The
results demonstrate variability in the time taken to detect
intrusions, highlighting the system's performance at
different points. The graph illustrates how detection time
can vary, which may depend on the complexity of the
detected anomaly or system load at the time of
detection. The Figure 2 shows the Detection Time for
Intrusion Detection System.

Computational Efficiency for Intrusion Detection System (IDS)

Emm Ccomputational Time

144

124

Computational Time (seconds)
°
=

o 20 40 60 80 100
Epochs

Figure 3: Computational Efficiency for Intrusion Detection
System

The bar chart above illustrates the computational
efficiency of an Intrusion Detection System (IDS) across
100 epochs. Each bar represents the computational time
(in seconds) taken to process a sample during a given
epoch. The chart shows significant variation in processing
times, with some epochs requiring more time than
others, indicating fluctuations in system load or
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complexity of the tasks. This distribution of
computational times highlights how the system's
efficiency can vary, possibly due to factors such as
network traffic, system performance, or the complexity of
the detected intrusions. The Figure 3 shows the
Computational Efficiency for Intrusion Detection System.

5. Conclusion and Future Works

In conclusion, Al-driven Intrusion Detection Systems (IDS)
leveraging autoencoders and attention mechanisms offer
a powerful approach for detecting anomalies and
enhancing cybersecurity. By using autoencoders for
dimensionality reduction and anomaly detection, coupled
with attention mechanisms for focusing on critical
features, these systems can efficiently identify deviations
from normal behaviour and flag potential intrusions. The
integration of alerting and reporting mechanisms ensures
that security teams are promptly notified and provided
with detailed insights, facilitating quick and informed
responses to threats. However, there are several avenues
for future work. First, further research could explore the
integration of more advanced deep learning models, such
as transformers or graph neural networks, to improve
feature extraction and classification. Additionally, the
scalability of these systems could be enhanced by
optimizing the models to handle larger and more complex
datasets, which are common in modern networks.
Explainability of the models remains a challenge, and
developing methods for better model transparency would
help security analysts understand the decision-making
process of the system. Finally, adaptive IDS systems that
continuously learn from new attack patterns could
provide more robust defence mechanisms, reducing the
system's reliance on predefined thresholds and enhancing
its ability to detect novel threats.
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