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ABSTRACT

These are the key future areas of research in Applied
Artificial Intelligence. In this era of increasingly
fast,  internet-connected  systems, traditional
defenses have become inefficient at detecting and
responding to various types of sophisticated threats
such as malware, phishing, ransomware, distributed
denial of service attacks, and more. Such
conventional security approaches are not effective
with zero-day attacks or new-age evolving attacks.
Al-based methods have developed into serious
competitors through LSTM networks-an advanced
adaptive technology-for continuous improvement of
digital defense against anomalous access into
network traffic patterns to provide maximum

efficiency. To this end, the current research revolves

around LSTM-based VAE anomaly detection
methodology, utilizing onboard data from live
network detection for prediction of future threats.
The methodology involves necessary steps that
include  data  pre-processing  of  Z-score
normalization, encoding network traffic into latent
representations and then reconstructing the pattern
to realize anomaly detection through reconstruction
loss and KL divergence. LSTM-based classifier with
SoftMax activation is used for threat classification.
Testing results indicated improvement in detection
accuracy over 90% after 20 epochs of training. This
is an Al-driven system that increases real-time
monitoring in cybersecurity while reducing false
positives associated with it. It future work

concentrates on improving the efficiency of the
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models and embedding them within large-scale
security frameworks.

Keywords: Cybersecurity, Anomaly Detection, Long
Short-term Memory - Variational Auto-Encoder,
Threat Prediction, Al-Based Security, Network
Traffic Analysis

1. INTRODUCTION

It is true that traditional defenses nowadays are
overwhelmed as they are unable to effectively detect
and alleviate such attacks as those resulting from
sophisticated cyber threats [1]. With intelligent
threat detection and response mechanisms, Al-led
cybersecurity solutions are now becoming a
mandatory part of modern digital defenses [2].
These put up to their mark for heavily age-thorny
expansion of the systems connected in the internet,
cloud computing, and IoT [3].

This increases the vulnerability of a person's, an
organization's and even a government network to
cybercrimes such as malware, phishing,
ransomware, and DDoS attack[4]. Cyber threats
dynamically evolve in real time; therefore, detection
of them requires special techniques and cannot be
dealt with conventional security techniques [5].
Conventionally, security methods are rule models-
based, signature detection, and predefined attack
patterns [6]. All these steps have worked sufficiently
against known threats, while having some
limitations with zero-day attacks, evolving malware,
and sophisticated intrusion attempts [7].

Static security models also cause high false positive
rates and longer response times and hence are not
effective for real-time threat detection [8]. Al-based
anomalous detection based on LSTM networks can
overcome these limitations and improve threat
prediction abilities [9]. Facing this cyber revolution,
the traditional methods cease to exist for detection

and mitigation purposes [10]. In this case, LSTM,
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known as a deep learning model, analyzes time-
bound patterns of network traffic while detecting
anomalies suggesting possible threats [11]. Thus,
more accurate detection with fewer false positives
and improved defence against growing threats can
be achieved with the help of artificial intelligence
above [12].

Section 2 discusses the Literature Review. Section 3
gives the problem statement and Section 4
Intelligent Anomaly Detection Using LSTM-VAE.
Section 5 describes the evaluation of accuracy
metrics, and Section 6 gives a conclusion with

suggestions for future directions of research.

2. LITERATURE REVIEW
Existing CKD prediction methods such as SVM and
Random Forest lack real-time IoMT data
accessibility and privacy proposed in [13]. This
proposed model CNN-LSTM-Neuro-Fuzzy with
AOA optimization improves the accuracy, prevents
overfitting, and allows fast and secure prediction in
low-resource environments. [14] The effective use
of Al-Driven CRM, IoT Analytics, and Cloud
Computing promises to revolutionize Banking [15].
However, high cost, risks of security, and issues of
integration still pose a challenge [16]. mark for
heavily age-thorny expansion of the systems
connected in the internet, cloud computing, and IoT.
Existing studies evaluate the role of digital finance
in ameliorating income inequality using regression
models, indicators of financial inclusion, and case
studies [17]. At the same time, obstacles include lack
of pooled data across various regions and inability to
measure long-term socio-economic effects [18]. [19]
Existing Research applies Resource-Based View,
Explainable Al and statistical analysis to Cloud IoT-
enabled digital financial inclusion. Limitations
include issues regarding overall availability of data,

differences between regions in regard to adoption,
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and measurement issues in relating such indicators
to the long-term effects on the economy [20].

[21] Existing studies use DBSCAN to find
anomalies and CCR for the assessment of bandwidth
efficiency in the context of big data-driven mobile
network management. Limitations here include
computational  ineffectiveness coupled  with
sensitivity to the choice of parameters and then the
dynamic network conditions-the entire testing and
analyzes are conducted in real time [22]. [23]
Studied apply cryptographic techniques and
anomaly detection based on Al to protect EHRs in
multicloud. While Al improves the real-time
detection of threats and compliance with health
standards, it is hampered by some limitations,
including astronomical computational costs, false
positives, and integration difficulties among various

cloud architectures [24].

3. PROBLEM STATEMENT

The currently available technologies have
limitations in computing efficiency [25]; they cannot
draw real-time data, nor can they confront the issues
of integration in CKD prediction and mobile
network management [26]. The SVM and Random
Forest could not give real-time prediction and
privacy, while the DBSCAN found parameter
sensitivity and computation burden as challenges for
anomaly detection [27].

On the other hand, the cost involved and integration
issues result in diminished effectiveness of
cryptographic mechanisms and Al-augmented
strategies for anomaly detection in securing EHRs in
a multi-cloud environment in real-life scenarios
[28]. Although AI and cloud computing have
matured, the high costs, security concerns, and
integration issues have prevented the design of such

scalable and secure systems [29]. This study aims at
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addressing these challenges through the provision of
efficient and flexible models that would be able to
tackle these limitations in less resource-consuming
environments.

3.1 Objectives

These are the findings of the investigation
accomplishments:

e Evolving a smart anomaly detection system
on LSTM-VAE frameworks for real-time
cyber incident guidance and threat
prediction.

e Improve detection effectiveness and reduce
false positives by fine-tuning the thresholds
for loss reconstruction and optimal KL-
divergence regularization.

e Install that model in broader security
systems for large-scale intrusion of online
network threats besides the cloud and IoT
environments.

e Use other A.I models, such as
reinforcement learning architectures or
transformers, for improving adaptability
and optimized performance of modeled

software.

4. INTELLIGENT ANOMALY DETECTION

USING LSTM-VAE
This image depicts a systematic workflow for a
cyber threat detection pipeline scenario. The data
collection gathers the respective security data from
heterogeneous sources. Preprocessing is done using
Z-Score normalization on data for standardization
and possible better performance of the model. The
generated application of that approaches is on
anomaly detection, which here involves the use of a
LSTM-VAE in the detection of unusual patterns that
might signal a possible cyber threat is displayed in
Figure (1),
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Figure 1: Block diagram of Anomaly Detection using LSTM-VAE

Then the detected anomalies are routed into the
threat prediction classifier module that evaluates
those threats according to learning patterns.
Ultimately, the system is put under evaluation for
performance, which tests the accuracy and
efficiency of the system. Such a methodical way of
approaching things, indeed, is crucial to ensure a
more robust and efficient cybersecurity framework
for detection and mitigation of possible threats.

4.1 Data Collection

This network traffic dataset was recorded on
Wireshark running under Kali Linux at the
University of Cincinnati. With one hour of network
traffic stored in CSV format, the entire dataset
presents a volume of traffic with the following
attributes: timestamp, source and destination IPs,
protocol, length, and traffic info. These critical data
could provide IP flow statistics to identify the actual
applications, and this is of much value for machine
learning applications in intrusion detection, anomaly
detection, traffic classification, and network
performance monitoring [30]. As a public dataset, it
serves a great avenue for anything involving training
or evaluation of Al-based cybersecurity solutions.
4.2 Data Preprocessing using Z-Score

Normalization

As features in raw network traffic data vary in their
numerical scales, they affect the performance of
machine learning models negatively. Z-score
normalization converts these values to a mean of 0
and a standard deviation of 1, thus enhancing
stability and performance for the model. The Z-score
formula is given in Eq. (1),
X-u

X ==t

o
(1)
Where X is the actual feature value, p is the mean of
the feature, o is the standard deviation, and X' is the
normalized value. The difference from Z-score
normalization makes features bias-free and more
adapted to be used in machine learning for anomaly
detection in cybersecurity applications.
4.3 Anomaly Detection using LSTM-VAE
Using LSTM-VAEs, normal patterns of network
traffic are learned, and anomalies are detected by
identifying deviations from expected behaviors.
4.3.1 Encoding Network Traffic-Up
The task of encoding works by compressing the data
X into its latent representation Z in such a way that
it captures the most relevant features of normal
traffic patterns. By modeling normal traffic in this

latent space, LSTM-AE can declare any observed
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network data abnormal if it deviates from the learned
patterns significantly. This is represented as Eq. (2)
Z=fencX)=uto-e

()
Where, p and o determine the distribution of the
latent space; while € introduces variability by being
sampled from a standard normal distribution N (0,1).
4.3.2 Decoding to Reconstruct Traffic Patterns
The second part of the decoder attempts to
reconstruct the original X from Z, the latent
representation generated by the encoder, so as to
learn the normal patterns of traffic. When the
reconstructed data deviates significantly from the
input data, the traffic behavior is treated as an
anomaly. The decoding refines the representations
that enable the network to differentiate normal and
abnormal behavior, expressed as Eq. (3)

X' = faec(Z)
3)
e Reconstruction loss (mean squared
error)
Computes the distance between the original input(X)
and the reconstructed output(X') in terms of mean
square error (MSE); lower the loss is, the better
capable it is to accurately reconstruct normal traffic,
while a higher reconstruction value would indicate
its inability to reconstruct normal traffic due to
deviations, thereby possibly signaling an anomaly. It
is computed as indicated in Eq. (4):
Liccon =21y (X; = X{)?

4
In any case, this network traffic behavior is
classified as anomalous once the reconstruction
error exceeds the user-specified threshold.

e KL Divergence Loss

KL Divergence Loss A penalty on divergence
between the learned latent space distribution and
standard Gaussian distribution was introduced to

smooth the latent space to make it sufficiently
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structured to generalize better on normal traffic
patterns. This loss function is defined as in Eq. (5):
Ly, = Dk (q(Z 1 X)|Ip(2))

®)
The minimization of KL divergence ensures that our
model does not overfit to certain patterns, thus
enabling it to detect unseen anomalies in network
traffic.

e Final VAE Loss
The Final VAE Loss is the weighted sum of the
reconstruction loss (MSE) and KL divergence loss,
to ensure that there exist equal impulses for accurate
reconstruction of data and proper regularization of
latent space. It is represented as in Eq.(6),
Lysg = Liccon + BLk1

(6)
Here, B weighs the influence of KL divergence; a
higher B enforces a more structured latent space,
while a lower B concentrates on minimizing
reconstruction errors. This synergy ensures that VAE
learns the normal patterns of network traffic and
detects anomalies where reconstruction error is
large.
4.4 Prediction and Threat Classification with
Softmax Activation

Once anomalies are detected, they will be

classified using an LSTM-based classifier into
certain kinds of attacks. The final layer of LSTM
uses Softmax activation function to arrive at the
attack categories as e.g. malware, DDoS, phishing as

represented in Eq. (7),

Py = o

j=1¢’
(7
Where, P(y_ i ) is the probability of the sample
belonging to class i, zi is the output score for class i,

n is the number of attack categories.

e (lassification Loss (Categorical Cross-

Entropy Loss)
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Categorical Cross-Entropy measures how well the
model carries out prediction of a correct class when
taking into accountthe comparison of true labels (yi)
against predicted probabilities (P(y;)). It is
calculated as Eq. (8),
Lonss = = Zi=y yilog(P()
®)
Where y; denotes Actual class (1 for correct
class and O for the others); P(yi) is the predicted
probability for class y;. Lower loss means better
alignment of prediction by the model with real
labels. This loss function is commonly used in multi-
class classification tasks, wherein it ensures that the
model gives high probabilities to the right class

while lowering those for other classes.

5. RESULT AND DISCUSSION

The anomaly detection produces sufficient abnormal
network activities using threshold-based methods
with red, indicating threat, and blue bar, indicating
normal traffic. The training of the model progresses
for more than 90% accuracy up from 50% in only 20
epochs. This makes it contextually very stable for
learning and never overfits at this level, which is
very useful for all real-world applications of
cybersecurity behavior.

5.1 Detection of Anomalous Network Activity
Using Threshold-Based Detection

Anomaly scores across network nodes are illustrated
by the bar graph. Nodes where scores exceed the
threshold are indicated by red bars and classified as
anomalous (possible threats or attacks). Blue bars
indicate nodes where the behavior is normal for their
scores of anomaly falling under the threshold is

displayed in Figure (2),

Anomaly Detection

0.25

0.20

Anomaly Score
1=
a
w
1

0.10 A

0.05 A

Node

Figure 2: Anomaly Detection in Network Traffic Using Anomaly Scores

Any score that goes beyond the dashed red line will
be considered as abnormal. This is a well-known
method in cybersecurity for intrusion detection,
network security monitoring, and anomaly detection
of traffic patterns.

5.2 Improvement in Model Performance:

Accuracy Increase over Training Epochs

This shows the training inaccuracy improvement
over a training of 20 epochs and forms the learning
paradigm for the model. The accuracy starts at
around 50% to indicate that it is only slightly better
than random guessing and increases as training
progresses, implying that the pattern in data could be

captured easily by the model is shown in figure (3),
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Figure 3: Evolution of Accuracy During Model Training

By the later epochs, accuracy goes up beyond 90%.
Thus, a strong indication of having well learned and
adapted training to the dataset is derived. The
smooth upward trend without sudden drops indicates
stable training, which implies the model wouldn't be
overfitting the generalization well to the given

dataset.

6. CONCLUSION AND FUTURE WORKS
The current study underlines how effective artificial
intelligence proves in the world of cybersecurity, in
particular with LSTM-VAE for detecting anomalies
in network traffic. Evolving threats overwhelm any
conventional security approaches, but the proposed
model is able to successfully identify anomalies by
learning normal traffic patterns and identifying
deviations. The combination of reconstruction loss
and KL divergence provides good detection of
threats while minimizing false positive rates and
maintaining a very high accuracy percentage. The
experimental results show that the model achieves
more than 90% accuracy within 20 training epochs,
thus proving its efficiency and real-time adaptability
against threats.

Work will be done in the future to enable scalability
and optimization of the computational efficiency of

the model so as to make it appropriate for practical

deployment. This could be realized by
hyperparameter optimization and time reduction in
training, as well as applying reinforcement learning
techniques. In addition, instantiating models within
a cloud security-based framework will ease threat
monitoring on a large scale. The current attack
patterns against the dataset will further diversify and
improve generalization possibilities of the model
concerning future detections of all kinds of
advanced cyber threats. Finally, hybrid Al would
include LSTM and Transformer-based architectures
that improve not only the detection rate but also the
speed. All these will lead to the construction of more
advanced and resilient cybersecurity systems to train

against increasingly complex cyber-attacks.
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