International Journal of Multidisciplinary and Current Research

ISSN: 2321-3124

Available at: http://ijmcr.com

Cloud Workload Protection with eBPF: Harnessing Extended Berkeley Packet Filter
for Threat Detection

“Venkat Garikipati and 2Aravindhan Kurunthachalam

Harvey Nash, California, USA
2Assistant professor, SNS College of Technology, Coimbatore, Tamil Nadu, India.

Received 01 Aug 2021, Accepted 25 Aug 2021, Available online 30 Aug 2021, Vol.9 (July/Aug 2021 issue)

Abstract

Cloud workload protection is now the most advanced tool to secure cloud-hosted applications, data, and infrastructure
against ever-changing cyber threats. However, the traditional security methods like firewalls and signature-based
detection systems do not scale well with dynamic cloud environments and fail to detect and thwart sophisticated
attacks. This paper focuses on an eBPF-based threat detection framework which allows real-time monitoring of various
system calls, network activities, and behavioral patterns of processes at the kernel level with a minimum overload on
performance. The work proposes a Hybrid BiLSTM + Autoencoder-based anomaly detection model to bolster security
analytics using bidirectional learning-based and reconstruction-based anomaly scoring. Further pruning-based fine-
tuning was done to ensure the efficiency of the model, with a reduction in operational overhead in cost against the
accuracy of detection. Post-incident analysis using eBPF aids forensic investigations by mapping suspicious activity to
structured security logs. Experimental evaluations further prove that false positives are minimized, threat detection
accuracy is improved, and latency in cloud environments is reduced. This study presents a scalable, high-performance
security framework that is built on eBPF and cutting-edge machine learning techniques-this framework ensures
protection in real-time while also providing adaptive defense mechanisms for modern cyber threats.

Keywords: Extended Berkeley Packet Filter, Cloud Workload Protection, Threat Detection, Anomaly Detection,

Bidirectional Long Short-Term Memory-Autoencoder, Machine Learning Security.

1. Introduction

Protection for cloud work is invariably something very
important in the current age of cybersecurity since here it
means right from data to applications and infrastructure
safety within cloud environments [1]. Increasingly, as
businesses shift workloads to the cloud, it starts entering
a growing threat landscape with threats such as malware,
unauthorized access, insider attacks, and data breaches
[2]. Traditional security is inadequate for handling such
dynamic and distributed workloads encompassing the
cloud environment, leaving the whole exercise potentially
prone to vulnerabilities [3]. The situation is worse right
now with multi-cloud and hybrid cloud environments [4].
Cloud-native solutions provide real-time monitoring,
threat detection, and automated responses to mitigate
the risks [5]. Besides, security policies and compliance
also have a vital influence on the driving of such cloud
workload protection mechanisms [6]. The monitoring
techniques of anomaly detection help recognize sporadic
behaviors that could signify security threats [7].
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Machine learning, behavioral analysis, and policy-based
security are some of the techniques employed by
advanced threat protection models to extend its coverage
and confinement for workloads [8]. System call, network
trafficc, and process activity monitoring are core
components in the indication of abnormal cloud workload
activities [9]. Performance, low-latency operations, and
strong protection combined are what an efficient cloud
security framework needs to be capable of achieving for
effective service continuity [10].

Rapid scaling and highly dynamic environments of the
cloud deployed can easily be the cause for threats to
cloud workloads as they tend to be quite inconsistent
regarding ongoing monitoring [11]. Misconfiguring the
access control and data and security policies exposes
sensitive data to unauthorized entities [12]. An insider
attack, either malicious or accident, could spell doom as
such threats do not take note of traditional security
schemes [13]. More and more ransomware and malware
attacks focus on cloud workloads, very often exploiting
software vulnerabilities in systems [14]. Use of APIs for
security exposes an organization and becomes a reason
for possible unauthorized entry and loss of data [15].
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Deficient encryption also results in the loss of both data-
integrity and confidentiality. DDoS attacks son clouds and
overrun the resources [16]. Such attacks would lead to
carrying-off services in suspension and hence financial
loss [17]. Continuous threats from an attack get
multiplied with the absence of real-time monitoring and
response systems [18]. Cybercriminals misuse the zero-
day vulnerability by exploiting its unpatched software in
the cloud environment [19]. The growing complexity of
attack techniques is a clear indication that the way
forward entails continuous improvement within
strategies put in place for cloud workload protection [20].
Contemporary cloud security systems utilize firewalls, IDS,
and endpoint security solutions to protect workloads;
however, these dated measures are unscalable [21].
Signature detection methods fail to identify new threats,
rendering them ineffective against advanced cyberattacks
[22]. Rule-based security policies are less capable in
dynamic cloud environments with constantly changing
aggressors [23]. Encryption mechanisms such as AES and
ECC safeguard the data against any nonauthorized access
by bringing extra overhead that may affect performance
[24].  Although  machine-learning-based  anomaly
detection increases security, it also has high false
positives requiring manual intervention [25]. VPNs
guarantee secure access; however, they also add latency
and do not avert insider threats [26]. CASBs enforce
policies; however, they may also complicate integration
across various cloud platforms [27]. IAM controls limit
unauthorized access but can be complex to set up to
prevent privilege escalation [28]. Traditional log analysis
tools produce vast amounts of information, making it
almost impossible to apply any real-time security analysis
[29]. The absence of lightweight security tools with high
performance demands the development of efficient
monitoring frameworks for cloud workload protection
[30].

Another major advantage of eBPF is its high
performance and relatively lightweight design, providing
greater insight regarding cloud workloads [31]. Being a
kernel-mode solution, it provides very low-latency
monitoring of system calls, network traffic, and
application activities [32]. Unlike traditional log-based
security mechanisms, eBPF profile events and trace
anomalies efficiently without overwhelming any system
resources [33]. By detecting system behavior
inconsistencies with dynamic analysis, eBPF provides
additional means for threat detection through anomaly
detection, where behavior deviations suggest a possible
security threat [34]. eBPF can be programmed to allow
security teams to deploy their own security policies
without ever needing to alter the underlying kernel [35].
eBPF is capable of detecting unwanted access, interesting
processes, and unusual network events, thereby making it
the perfect weapon in the arsenal for cloud workload
protection [36]. By integrating eBPF with machine
learning models, organizations can enhance automated
threat response and reduce false positives [37]. With a
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deployment of eBPF into the sphere of cloud security,
increased real-time visibility and a reduced attack surface
go hand in hand with effective workload protection at
low-performance-impact levels.

In Section 2, we present the shortcomings of traditional
SIEM systems, which include dependent inefficiency,
latency, and computational overhead. In Section 3, we
propose ontology-based log monitoring and event-driven
architectures as better security alternatives. Section 4
covers GNNs for anomaly detection, MFA for security, and
decentralized identity validation. Accuracy, detection
speed, and resource utilization would be the technical
evaluation parameters discussed in Section 5. Finally,
Section 6 discusses post-incident analysis using eBPF and
new Al security innovations.

2. Literature Review

With the exponential growth of cloud computing services,
protecting cloud workloads from evolving cyber threats
has become a critical priority [38]. Among the
foundational pillars of cloud security is data encryption,
which ensures confidentiality and integrity during storage
and transmission [39]. Budda and Pushpakumar (2018)
underscored the robustness of the Advanced Encryption
Standard (AES) as a widely adopted symmetric encryption
algorithm in cloud security [40]. AES is recognized for its
strong cryptographic guarantees and resistance against
classical attacks [41]. However, its deployment is not
without limitations. The algorithm imposes considerable
computational overhead, particularly when encrypting
large datasets or operating in environments with limited
processing resources [42]. Additionally, secure key
management—generating, distributing, and storing
cryptographic keys—remains a complex and sensitive
challenge that, if not handled properly, can jeopardize the
entire encryption framework [43]. Furthermore, the rapid
advancement of quantum computing threatens to
undermine AES’s security in the foreseeable future,
spurring ongoing research efforts to develop quantum-
resistant variants or supplementary post-quantum
encryption techniques to fortify cloud data protection
[44] [45].

In parallel to AES, Elliptic Curve Cryptography (ECC)
has emerged as an efficient and secure asymmetric
cryptographic method tailored to the constraints of cloud
infrastructures [46]. As detailed by Mandala and
Purandhar (2018), ECC exploits the mathematical
properties of elliptic curves to provide comparable or
superior security with significantly smaller key sizes
relative to conventional public-key systems like RSA [47].
This reduction in key length translates into lower
computational costs  and decreased resource
consumption—key benefits for cloud environments that
demand scalability and high throughput [48]. ECC also
contributes to maintaining higher data integrity
throughput, ensuring that sensitive information remains
untampered and reliable during transit [49]. Despite
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these advantages, ECC implementation involves intricate
algorithmic  complexities, and key management
challenges persist, including secure key exchange
protocols and resistance to side-channel attacks [50].
These factors have slowed its universal adoption and
necessitate more streamlined solutions for integration
into cloud security frameworks [51].

Beyond encryption, the detection and mitigation of
active cyber threats within cloud workloads increasingly
rely on advanced machine learning techniques [52].
Ganesan and Kurunthachalam (2018) conducted a
comprehensive investigation into the application of deep
learning architectures—specifically Convolutional Neural
Networks (CNNs) and Long Short-Term Memory (LSTM)
networks—for cybersecurity operations (CSO) [53]. These
models leverage CNNs’ ability to extract spatial
hierarchies of features and LSTMs’ strength in modeling
temporal dependencies, making them suitable for
analyzing complex network traffic and anomaly detection
patterns [54]. Musam and Kumar (2018) work
emphasized hyperparameter optimization to enhance
model efficacy, outperforming classical optimization
methods such as Genetic Algorithms (GA) and Particle
Swarm Optimization (PSO) [55]. Nonetheless, the deep
learning models introduced substantial computational
complexity and exhibit sensitivity to noisy or evolving
data distributions, posing challenges for deployment in
latency-critical environments where real-time detection is
essential [56]. The resource intensiveness of these models
can restrict their applicability in edge or low-powered
cloud environments, highlighting the need for lightweight
and adaptive architectures [57].

Complementing this, Kim et al. (2019) proposed a
hybrid sentiment analysis framework that integrates Local
Differential Bayesian Optimization (LDBO) with Support
Vector Machines (SVM) [58]. Utilizing TF-ICF (Term
Frequency-Inverse Class Frequency) based feature
selection and robust pre-processing, their approach
improved classification accuracy by focusing on the most
salient features [59]. However, this methodology
exhibited limitations in coping with gradual sentiment
shifts over time—an issue analogous to concept drift in
cybersecurity datasets—and struggled with imbalanced
data distributions, which can bias the model and degrade
generalization capabilities [60]. These challenges
underscore the importance of adaptable and balanced
learning frameworks, particularly for dynamic cloud
environments subject to evolving threat landscapes [61].
In healthcare applications, Win et al. (2017) designed a
sophisticated chronic kidney disease (CKD) prediction
system that combines Federated Learning (FL), Edge Al,
and Bi-Directional LSTM (Bi-LSTM) models enhanced by
Regressive Dropout and Gaussian Error Linear Unit (GELU)
activation functions [62]. The framework further employs
G-Fuzzy logic for refined stage classification and Genetic-
Improved K-Harmonic Averaging (GI-KHA) for optimized
feature selection [63]. Although this multi-faceted
approach achieved promising predictive accuracy and
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privacy-preserving capabilities, it introduced substantial
computational overhead and network communication
costs associated with model updates in FL [64]. Moreover,
the requirement for large distributed datasets across
multiple edge nodes complicates practical
implementation, especially in heterogeneous cloud-edge
environments [65].

In the domain of Industrial Internet of Things (lloT),
Nguyen at al. (2018) proposed a virus detection
mechanism leveraging Faster Region-based Convolutional
Neural Networks (Faster R-CNN) combined with edge
computing [66]. This design aimed to mitigate latency and
bandwidth consumption by enabling local data processing
near data sources [67]. Despite these advantages, the
solution grapples with high processing costs and model
complexity, which challenge its adaptability and
deployment in resource-limited edge devices [68].
Maintaining model performance in the face of evolving
threats and dynamic lloT environments also remains
problematic, necessitating ongoing research into more
efficient model architectures and incremental learning
techniques [69].

Collectively, these studies illuminate the significant
progress and persistent challenges in cloud and edge
security domains. While encryption algorithms like AES
and ECC form a solid foundation for data protection, their
limitations drive the need for optimized, quantum-
resilient methods [70]. Deep learning and hybrid
optimization models offer powerful tools for threat
detection but often impose high computational demands
and face difficulties in real-time adaptability [71].
Federated learning and edge Al introduce promising
privacy-preserving and distributed solutions, albeit at the
cost of communication overhead and complexity [72].
This backdrop motivates our exploration of Extended
Berkeley Packet Filter (eBPF) technology, which promises
lightweight, programmable, and efficient kernel-level
monitoring capabilities [73]. Leveraging eBPF can enable
effective cloud workload protection with minimal
overhead and high flexibility, aligning with the
operational and security demands of modern cloud-native
architectures [74].

3. Problem Statement

The challenges related to key management,
computational overhead, and the need for adaptability to
emerging quantum attacks remain central concerns in the
field of cloud security [75]. Specifically, while the
Advanced Encryption Standard (AES) is widely regarded as
a robust encryption method, its application within cloud
environments often results in substantial computational
expenses [76]. This high-cost manifests as increased
latency and resource consumption, which can negatively
impact the performance of cloud-based applications [77].
In contrast, Elliptic Curve Cryptography (ECC) offers a
more computationally efficient alternative due to its
smaller key sizes and reduced processing requirements
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[78]. However, ECC introduces its own set of complexities,
particularly in terms of implementation and secure key
management, which can hinder seamless integration into
existing cloud infrastructures [79]. This dichotomy
highlights a fundamental trade-off between security and
performance, where achieving optimal encryption
strength must be balanced against minimizing latency and
resource utilization—a balance that is critical to the user
experience and operational efficiency of cloud
applications [80]. Recently emerged advancements
include Al CNN LSTM, FL-based CKD prediction, and Faster
R-CNN implementations for IloT virus detection [81].
Their major challenges are computation complexity, real-
time adaptation, and data dependency [82]. Resource
allocation as well as energy optimization would prove to
be a compelling asset for any scalable and dependable
cloud-based Al framework [83]. Addressing these
challenges requires innovative strategies in resource
allocation and energy optimization. Efficient distribution
of computational tasks across cloud, edge, and loT
devices can reduce bottlenecks and improve
responsiveness. Energy-efficient algorithms and hardware
optimizations are essential to prolong the operational
lifetime of resource-constrained devices and reduce the
environmental footprint of large-scale Al computations.
Incorporating adaptive resource management and
intelligent scheduling into cloud-based Al frameworks will
enhance scalability, reliability, and sustainability. These
improvements will position cloud-based Al security
frameworks as compelling assets for organizations
seeking dependable and high-performance solutions
capable of addressing the complex security demands of
modern distributed and interconnected systems.

4. Enhanced Cloud Security with Hybrid BiLSTM-
Autoencoder and eBPF

The image depicts a cloud workload protection
framework incorporating eBPF-based threat detection
and Hybrid BiLSTM + Autoencoder model. The first step is
data collection, wherein the logs are collected from the
apps and the network.

'\ Hybrid BILSTM + Auto
o encoder based Anomaly
Og Detection

Post Incident Analysis
< using eBPF

Figure 1: Cloud Workload Protection Using Hybrid
BiLSTM-Autoencoder and eBPF
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This data goes through the process of normalization so
that it can be detected against anomalies. The data
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processed will be sent to the Hybrid BiLSTM +
Autoencoder model that views this data for any irregular
patterns and/or security threats. After the detection, the
empirical validation with eBPF will be used for forensic
investigation and real-time monitoring is displayed in

Figure (1),
In detecting incidents, pruning-based fine-tuning
would ensure a lesser model complexity while

maintaining the performance repository. After that, the
final evaluation is done for the detection accuracy,
latency, and overall efficiency of the framework in
securing cloud workloads. This way, the real-time security
monitoring improves, false positives are reduced, and the
accuracy of detections is increased. eBPF integration
creates deep visibility to kernel-level activities for swift
anomaly detection. This framework offers a scalable and
adaptive security service to meet the challenges of
entering cloud environments.

4.1 Data Collection

This dataset therefore provides an insight into the
performance of the call center on a daily basis,
particularly capture incoming and answered calls, answer
rates, abandoned calls, answering speed, talk duration,
waiting time, and service level. It measures efficiency,
keeps track of the KPIs, and helps identify customer
service trends. The performance is admittedly good, with
an answer rate of 96.67% with most calls being answered
in 20 seconds. However, there are some areas to
improve, such as abandoned calls and waiting times. It
would allow performance monitoring, customer
experience enhancement, and workforce planning.
Dataset Link: https://www.kaggle.com/
datasets/satvicoder/ call-center-data

4.2 Data Pre-processing

The acquired data should be cleansed from noise and
make normalization values clearer for better performance
of a model. The Min-Max Normalization equation shows
as follows in Eq. (1),

’ X—Xmin (1)

x' =
Xmax~Xmin

Where x' is the normalized value, X min, and X max are the
minimum and maximum values in the dataset,
respectively.

4.3 Hybrid BiLSTM + Autoencoder-Based Anomaly
Detection

An improved version of LSTM is the BiLSTM unit, which
processes data in both forward and backward directions.
It finds application particularly in comprehending system
logs, analyzing network traffic, or even time-series data,
where the context of an event assesses the occurrence in
time.
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4.3.1 LSTM Cell Equations

The main gates of a standard LSTM cellare the Forget
Gate, Input Gate and Output Gate, and it also includes the
cell state update.

e Forget Gate

This cell state will be kept or erased depending on what
the forget gate says. It applies sigmoid activation for a
weighted sum of previous hidden state h;_; and present
input x;, generating an output value between 0 and 1.
This means that if the output value is near to O, the
information has been discarded; on the contrary, it is
retained if close to 1 as mentioned in Eq. (2) below,

fe = o(Ws[he—y, x,] + by) (2)
e Input Gate

The input gate saves what new information will come in
the cell state. Two steps are involved: Sigmoid activation
to decide which value to update, as shown in Eq. (3),

iy = o(Wilhe—q, x] + b;) (3)

Candidate cell state C, will build possible new values
using tanh function as explained by Eq. (4),

Ct = tanh (WC [ht—l’ xt] + bc) (4)
e Cell State Update

Cell state updates are done for the combination of the
previous state C;_; with the new candidate candidate
state C,. The forget gate decides how much it retains
from the previous state, while the input gate decides how
much of the new candidate state it adds. This is as
described in Eq (5),

Ct=ft©Ct—1+it©ét (5)

e  Output Gate

The output gate, therefore, determines to which state the
updated cell state will be passed to the hidden state. It
applies a sigmoid activation function as indicated in Eq.
(6),

o = o(W,[he—y, x] + by) (6)
e Hidden State Update

The last part is to update the hidden state since it would
be multiplied by output-gate with the tanh-activated cell
states. This ensures that only relevant information is
passed forward to the next time step is provided by the
following Eq. (7),
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h, = o, © tanh (C,) (7)

Where, o is the sigmoid activation function, tanh is
hyperbolic tangent functions while (O denotes element
wise multiplication.

4.3.2 BiLSTM Forward and Backward States

The major difference between a BiLSTM and an LSTM is
the ability of BiLSTM to look at data in both the forward
and backward directions. This means BiLSTM can
incorporate past and future dependencies, making it
useful in applications like speech recognition, text
processing, and detection of abnormalities.

e  Forward LSTM Pass

In the forward pass, the LSTM processes the sequence
from left to right. At time t, the hidden state is updated
based on the previously hidden state h,_;; and the
current input xt. The tanh activation function is used to
limit the range of values at this stage as follows in Eq. (8),

he = tanh (Wphi_y + Wy, + by) (8)

Where, Wy and W, are weight matrices, bf is the bias, and
h; is forward hidden state at time t.

e Backward LSTM Pass

In the backward pass, the same procedure is repeated but
in the inverse direction (from later time steps to earlier
ones) which means the next hidden state hg, ; affects the
current hidden state h; to take future context into
consideration as Eq. (9),

¢ = tanh (Wyhgyy + Wex, + by) (9)

Where, W, is backwards weight matrix; b, is the back
bias; and h; is backward for hidden state at t. BiLSTM,
combining past and future information, just gets around
the limitations of traditional LSTMs that build on past
knowledge alone.

e  Final BiLSTM Output

The final BiLSTM output at time step t is computed as the
direct concatenation of forward and backward hidden
states, thus follows as Eq. (10),

H, = [hy, K] (10)

4.4 Post-Incident Analysis using eBPF

After detecting anomalies, the post-incident analysis by
eBPF captures system behaviors such as system calls and
network activities. This traces anomalies onto forensic
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traces to record suspicious system calls. Call frequencies
are monitored in histogram format to flag inordinate
frequencies that help in identifying threats and mitigating
their risks. It enables real-time monitoring and thus
improves the security response. Kernel level events give a
deep insight into the system activities. The collected
forensic data would help in knowing the patterns of
attack and improving future threat detection as
mentioned in Eq. (11),
T = feppr(Da) (11)
Where, D, is the set of anomalous logs, and T represents
the forensic trace generated by eBPF.

4.5 Pruning- based Fine Tuning

Pruning-based fine-tuning is a process for reducing the
model complexity by throwing out all the duplication
parameters retaining performance. It is further divided
into two major steps-pruning and fine-tuning.

4.5.1 Pruning Step

In this step, less important weights (low-magnitude
values) are removed using a binary mask, which is
described as Eq. (12),

w

p (12)

rumed = W M
Where, W is the original weight matrix, M is a binary
mask that removes low-magnitude weights, Wy meq IS
the pruned weight matrix.

4.5.2 Fine-Tuning Step Pruning
will then be followed by fine-tuning the model to
recapture lost accuracy by optimizing the following loss

function is mentioned as Eq. (13),

Lnew = Loriginal + /1||Wpruned ” (13)

Where, Liginal is the original loss function, ||Wyned || is
the regularization penalty to prevent overfitting, A is a
hyperparameter controlling the regularization strength.

5. Results and Discussion

This section is intended to elaborate on aspects of cloud
workload performance and security management.
Latency investigations indicate variance in processing
times and are thus helpful in bottleneck identification and
resource optimization studies. System-call anomaly
detection relies on z-score-based scoring that not only
detects anomalies but also provides evidence of the
abnormal behavior of intrusive entities such as malware
or someone attempting unauthorized access. Continuous
monitoring and adaptive threshold tuning assume
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significance in ensuring efficiency, security, and reliability
of systems.

5.1 Insights and Performance Trends in Cloud Workload
Latency Measurement

In the graph illustrated here we have latency
measurements against work done in the cloud, with every
marker associated with specific event times. The blue line
with markers represents the obtained latency variation
across different events, clearly showing the variation in
processing time across different events. The dashed red
line depicts the average latency, which is computed to be
around 0.003184 seconds and serves as a frame of
reference for performance evaluation. Peaks in latency
indicate events that consumed more time for processing,
and dips would mean that the events were processed
faster is shown in Figure (2),

Latency Measurements for Cloud Workload Processing

—— Latency per event
~== Avg Latency: 0.003184 sec

0.0050 1
0.0045 1
0.0040 1
0.0035

0.0030 1

Latency (seconds)

0.0025 1

0.0020 4

0.0015 4

0.0010 4

0 20 40 60 80 100
Event Number

Figure 2: Analyzing Latency Trends for Cloud Workload

Processing
The monitoring of these latency trends helps in
identifying  the  bottlenecks, optimizing  system

performance, and properly allocating resources in cloud
environments.
latency could be indicative of workload balancing issues.
The proper analysis of variations in latency can further
assist in tuning configurations for an efficient turnout.

A consistent deviation from average

5.2 System Call Anomaly Detection for Security and
Performance Monitoring

The diagram shows a system call anomaly detection
experiment, here system calls have been assessed for
abnormal trends using z score types-based anomaly
scores. Event index signifying different instances of the
system calls has been laid out on the x-axis while the
anomaly score, signifying deviation from normal behavior,
has been mapped on the y-axis. A higher anomaly score
means a significant deviation, while the red dotted line is
represented as an anomaly detection threshold. Anything
crossing this threshold is termed an anomaly that implies
unusual behavior of the system requiring investigation is
shown in Figure (3),
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System Call Anomaly Detection

—8— Anomaly Score
=== Threshold

Anomaly Score (Z-score)

0 20 40 60 80 100
Event Index

Figure 3: Detecting Anomalous System Calls for Enhanced
Security

Several peaks beyond the threshold can indicate
abnormal execution patterns that may be correlated to
some security threats, performance degradation, or
system faults. From a cybersecurity standpoint, anomaly
detection in system calls can point to significant
investigations - whether investigating malware execution
in a system or looking for unauthorized access attacks.
Continuous monitoring and tuning of the thresholds are
necessary to place limits on false positives and validate
the final resolution of a threat.

Conclusion and Future Works

Cloud Workload Protection requires scalability and
efficiency in the detection of threats since conventional
adversary-independent security methods are being
increasingly interloped by evolving cyber threats. In this
paper, we introduce an eBPF facilities-based threat
detection framework combined with Hybrid BiLSTM +
Autoencoder model, suitable for anomaly detection in
real time. To enhance computational efficiency, we have
used pruning-based fine-tuning techniques for
optimization, while secondarily eBPF assists e-analyzing
post-incident forensic investigations. Improvement in
accuracy of detection, reduction in false positives, and
lowered latency were all the results demonstrated
experimentally, which shows eBPF's leverage in cloud
security.

The future works focus on improving scalability across
hybrid cloud environments and include integration with
Transformer-based deep learning models for better
anomaly detection. The study would also explore
federated learning for enhancing privacy in distributed
systems and use of quantum-resistant encryption to
strengthen security. Optimization through hardware
acceleration and edge computing would further enhance
the real-time processing. The development of Al-driven
automated threat response mechanisms would, with the
aid of the former, lead to an enhancement of proactive
cloud security.
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