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Abstract: - Misconfigurations of cloud services stay a critical security factor that is regularly followed by downtimes,
breaches, and financial losses. In the case of detection, it becomes apparent that the traditional methods like manual
auditing and preprogrammed rule-based systems are not easy to scale, and are not very adaptive in their nature, while on
the other hand, the more advanced methods like machine learning models have drawbacks of their own including those
of data requirements and of generalizing the model. In this study, we discuss the use of large language models, Google’s
Gemini in particular, for the zero-shot cloud misconfigurations detection. Based on the natural language understanding
of LLMs, the study shows how such systems can be used to discover subtleties in cloud dynamics and new security
threats. The proposed framework called SARGE takes a set of cloud configuration files, analyses them for
misconfigurations, and generates recommendations that do not need to be particular to specific tasks. The implementation
includes cloud platforms, using Terraform for testing purposes, Docker for scalability purposes. Experiments demonstrate
that proposed LLMs achieve higher accuracy than traditional approaches in identifying new misconfigurations while
operating at scale and being easy to interpret. To the best of the author’s knowledge, this research fills gaps in the existing
literature and provides a novel solution for cloud security that alleviates challenges of previous solutions. It also creates
the basis for further studies concerning LLMs incorporation into cloud-native security solutions for enhancing efficient
threat detection and mitigation.
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INTRODUCTION

Given the worldwide emergence of cloud computing as an organizational technology solution a new problem of
security of cloud environments has arisen. The vulnerabilities that are evident include; open ports, public buckets
and weak access controls and which result to the leakage of sensitive data and information about the infrastructure.

Prior methods of identifying cloud misconfigurations include using such techniques as compliance rules and
independent reviews, which are slow and inadequate for today’s complex and constantly changing cloud
environments. A classification of these approaches to machine learning (ML) to improve detection has been made
but they present difficulties in data availability, high false positive ratios and a narrow adaptability to different
configurations.

The recent development of such other large language models as Google Gemini creates a hew chance to address
these issues. Therefore, when applied on textual data, LLMs are capable of zero-shot learning that is, they can
define security problem areas without training. Scalability, adaptability and accuracy remain the most pressing
issues of concern in the detection of cloud misconfigurations; this research therefore seeks to apply LLMs in the
context of filling these gaps.

The proposed framework of integrating LLMs with current cloud platforms offers decision-makers information
on how to reduce the risks. The research adds value to the field of cloud security by introducing the zero-shot
detection framework, demonstrate its performance, and discuss its capability to transform attractive
misconfiguration detection.
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4. Theoretical Framework
4.1 Natural Language Understanding and LLMs

This research is grounded in the theory of natural language understanding (NLU) and the capabilities of Large
Language Models (LLMs). LLMs, such as Google Gemini, GPT-3, and their variants, have demonstrated
remarkable abilities in understanding and generating human-like text. These models are trained on massive
datasets and can capture complex linguistic patterns, semantic relationships, and contextual information. The
theoretical underpinnings of LLMs lie in areas such as distributional semantics, transformer architectures, and
self-supervised learning. This research will leverage the NLU capabilities of LLMs to analyse cloud configuration
files, security policies, and related documentation, enabling the system to understand the meaning and
implications of different configuration settings.

Cloud environment configuration has become one of the biggest security risks comprehendible causes of data
breaches. In the course of the years, a number of techniques have been proposed to deal with cloud
misconfigurations detection and prevention. All these can be classified into rule-based, machine learning and
automated-compliance check methods.

Here, the Rule based approach follows set rules and policies to ascertain configuration discrepancies of cloud
resources from the existing set industry norms (Kim et al., 2024). AWS Config, Azure Policy, and Google Cloud
Policy Analyzer are tools that can illustrate this idea as they include simple check-the-rule type models for
compliance.
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Figure 1 RAG agents (Grumpy Grace, 2023)

CIS Benchmarks and CSPM tools augment these capabilities by continuously scanning configurations and
presenting deviations to the users. While useful in steady-state environments within which the problems are
known, such systems do not perform well when it comes to new forms of risk since they are rule-based.

ML approaches have also been utilised to detect cloud misconfigurations using historical data to consider as a
means of flagging up configuration abnormalities. Other classes of learning models, for example, learn to assign
configurations as either secure or insecure using training samples.

Consequently, unsupervised learning methods like clustering and anomaly-based detection techniques search out
for behaviours that are variations from norms. These methods of ML are more superior to rule-based ones in terms

2559



J. Electrical Systems 20-11s (2024): 2558-2570

of adaptability because the algorithms can adapt to data. Yet, they continue to rely on the existence of large and
balanced data sets.

Existing methods operate on the assumption of known misconfigurations or they take advantage of labelled data
(Wen et al., 2024). The problem of new, or previously unknown security threats, is also unresolved, and has been
particularly problematic in the field of security assessment.

4.2 Retrieval-Augmented Generation (RAG)

The RAG framework provides a theoretical basis for combining retrieval and generation in a unified model. RAG
models typically consist of a retriever component that selects relevant documents from a knowledge source and a
generator component that uses the retrieved information to produce an output. This approach allows the model to
leverage external knowledge, making it more accurate and adaptable to new information. In the context of this
research, the RAG framework will be used to retrieve relevant security best practices, vulnerability descriptions,
and configuration guidelines, which will then be used by the LLM to assess the security of a given cloud
configuration.

A number of previous approaches to cloud misconfigurations are rule-based systems, which have an inherent
drawback of rigidity. These approaches must be updated time to time because new rules and new type of threats
are coming in the market. This becomes cumbersome since the cloud environment becomes complex in nature, to
manage and maintain such a set of rules is nearly impossible. Also, rule-based systems are backward-looking;
they cannot predict when someone will create a new misconfiguration or come up with a new way of hacking into
a network without more human guidance.

Other of these limitations are disregard by machine learning models as these models make use of data. But they
have some restrictions in real applications. One of the major issues is the reliance on labelled datasets. Supervised
learning for example, call for large volumes of labelled data in order to build good models to learn from.

Cloud environments are continually evolving; it is therefore difficult to gather such datasets that capture all the
possible cases. Moreover, another weakness of the model is IC and related features are influenced by the
abundance and quality of the reference data, which brings in biases and overemphasizes differences.

Thus, unsupervised learning approaches try to work around this problem by defining which data points are
anomalous with regards to statistical likelihood or clustering. These methods, while effective are often marred
with high false positives compared to actual threats which puts a lot of pressure on the security team and slows
down the whole process.

Furthermore, unsupervised methods have a problem of correctly identifying different configuration cases as
misconfigurations when in fact they are not, making it inclined to misclassify (Chen, et al., 2023). In traditional
as well as machine learning methods, there is no facility to interpret human readable policies or textual
representation of configurations.

@ Inputs Stage 1 Outputs Score @ Generated outputs as in-context demos

- .
Q: [ AN ESOTES [ |
A: Let's think | (0) {0
step by step. ’_) riLd

. ~
- (0) L0

L —. 22

p

- G, [m( J] ™,
I A: Since [w-[J ]’Tr‘ercforc the
answer is[iy ]

swer is(ip
o Q:[=? .
{=@ {3 53y A Since[r ’! Therefore the
answer is [y ]

Q[ . e
A: Let's think \ LLM { 4 Compute - o [zM] |
step by step. —> ™1 1 SCore: A: Let's think step by step. ./ / |
—~ (Eq. 8 &9) — /)
’ tl} [1! v
LLM

2@ (2] [2;1 T

<1.9: ~ N
A: Let's think Stage2 _g) (1) (1) (1) (1) _(1)
step by step. 3, 5 ~21  Outputs "0 % Gt Ty '8y
- - (2] (g;. Majority vote over outputs from
\: 2.0 both stages for final prediction

Figure 2 Zero shot adaptive prompting (Google Research, 2023)
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This becomes important especially when working for large cloud services where due to various interpretations or
simple misunderstandings some misconfigurations could occur. Such limitations indicate the need for research to
produce novel methods fit for dealing with the evolving and highly complex nature of cloud misconfigurations.

4.3 Agent-Based Modeling for Security

Agent-based modeling is a computational approach that simulates the actions and interactions of autonomous
agents within an environment. This approach is well-suited for modeling complex systems, such as cloud security,
where multiple entities interact with each other and the environment. In this research, intelligent agents will be
designed to mimic the behavior of security experts, proactively exploring the cloud environment, analyzing
configurations, and identifying potential misconfigurations. These agents will be equipped with the ability to
reason about security rules, understand the implications of different configurations, and adapt their behavior based
on the current state of the environment.

The Large Language Models (LLMs) are one of the most powerful Al concepts, that solve the natural language
understanding and generation problems. Some of the organized examples include Gemini series by Google which
has scored very highly when it comes to test such as text classification, summarization, and question answering.

These improvements have created new opportunities and use cases of LLM application in cybersecurity such as
the detection of cloud misconfigurations. Thus, the strength of LLMs is in its capability to digest text, which is
difficult for other formats, and therefore, read human-readable policies, docs, and configuration descriptions.

Therefore, this capability enables LLMs to close the communication gap between IT and non- IT staff and thus
reduce chances of misconfigurations due to ambiguity (Lian et al., 2024). For instance, LLMs can review the
cloud documentation, as the result, the expert system can find the discrepancies or vague terms that will cause the
security problems in the future.

They also surpassed LLMs in zero few shot learning, a machine learning technique that does not require a large
amount of data to be labelled. Since LLMs are pre-trained, the new misconfigurations that are not described in
the textual form and/or the pattern they were trained on can be recognized.

This zero-shot capability is important in cases where an attack vector, a system vulnerability, or anomalous
behavior is not recognized by traditional signature-based systems or templates of well-developed ML models on
how to respond to it. Moreover, LLMs can complement the current detection approaches by providing natural-
language-based descriptions for detected misconfigurations.

By being interpretably transparent these results not only to remediation but also to the trust and confidence of
security professionals. The studies have demonstrated to some extent that LLMs can enhance the correlation
between other cybersecurity tools, leading to higher accuracy of detection, low false positives, and standardized
organisation of incident response.

Despite the important benefits of LLMs, there are difficulties involved in employing them in the sphere of
cybersecurity (Igugu, 2024). These issues include computational cost, data privacy issues, and the possibility of
adversarial manipulation that must be solved to allow their practical use.

4.3.1 Integration Techniques with LLMs: RAG and Agents

Retrieval-Augmented Generation (RAG) is a technique that combines the strengths of retrieval-based and
generation-based models. RAG models can retrieve relevant information from a large corpus of documents and
use that information to generate more accurate and context-aware responses. This approach is particularly well-
suited for tasks that require a deep understanding of a specific domain, such as cloud security. Agent-based
systems, on the other hand, involve the use of autonomous agents that can interact with an environment and
perform tasks. In the context of cloud security, agents can be designed to simulate the behavior of security experts,
proactively scanning cloud environments for misconfigurations and vulnerabilities. The combination of RAG and
agent-based techniques with LLMs offers a powerful approach to cloud misconfiguration detection, enabling the
system to leverage both external knowledge and autonomous reasoning capabilities.
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Figure 3 RAG Architecture Model (Deepchecks, 2023)

However, their capability to grasp and navigate through complex and unstructured milieu makes LLMs a viable
option as a solution to the difficulties that stem from the application of traditional and deep learning approaches
for cloud misconfigurations detection.

4.4 Techniques for Contextual Analysis and Anomaly Detection

This research will also draw upon techniques from contextual analysis and anomaly detection. Contextual analysis
involves understanding the meaning of a piece of information within its surrounding context. In the context of
cloud configurations, this means understanding how a particular setting relates to other settings, the overall
architecture of the system, and the organization's security policies. Anomaly detection techniques will be used to
identify unusual or suspicious configurations that deviate from established baselines or best practices. By
combining contextual analysis with anomaly detection, the system will be able to identify subtle misconfigurations
that might be missed by traditional rule-based approaches. These techniques will inform how the LLM processes
and interprets the retrieved information and how the agents prioritize their exploration and analysis.

While there has been progression made in cloud security, the existing work has been mostly cantered on methods
that recognize previously seen misconfigurations or highly depend on labelled datasets. Problems with these
approaches include their inability to identify novel or new security threats, a major challenge in modern dynamic
cloud environments.

Furthermore, the current methods are rigid to make decisions based on static rule or pre-defined patterns due to
the uncontrolled and constantly developing nature of cloud infrastructures. The idea of machine learning models
has brought a certain degree of flexibility, yet these models suffer from data limitation.

These models perform poorly when it comes to understanding textual policies or documentation of services or
physical devices, which leads to a huge loop hole as a result of which these models fail to minimize
misconfiguration which happens due to human errors or misunderstanding configuration requirements (Zhang,
2023).

The emergence of LLMSs present a fitting chance to revisit these gaps. Owing to their capability to translate and
produce natural language, LLMs can comprehend human-interpretable policies and pinpoint configuration errors
which might result from natural language flexibilities in policy documents.

Zero-shot learning capabilities can identify new security risks without training on large labelled datasets which
makes them a good instrument for handling unknown misconfigurations (Lian, 2024). This research aims to fill
the above gaps in the literature by examining the use of LLMs in zero-shot cloud misconfigurations detection.
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In this study, disclosure of LLM natural language understanding proficiency is sought with an agenda to design
such a framework that, in addition to identifying known misconfiguration, can also solve for other unidentified
security risks, aiming to improve on the security status of the cloud environments. Thus, it puts a contribution to
the existing knowledge regarding application of LLMs in cybersecurity emphasizing that they hold the capability
to transform the approach to identify and prevent cloud misconfigurations.
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Figure 4 Communication and Data Transmission in RAG (IEEE, 2024)
5. Methodology
5.1 Research Design

This research will employ a constructive research approach, focusing on the development and evaluation of a
novel system for cloud misconfiguration detection. The research will involve the following stages:

System Design and Development: Designing and implementing the LLM-based system, incorporating RAG and
agent-based components.

Data Collection and Preprocessing: Gathering a comprehensive dataset of cloud configuration files, security
policies, best practices, and vulnerability descriptions.

Model Training and Fine-tuning: Training and fine-tuning the LLM on the collected data, optimizing its
performance for the specific task of misconfiguration detection.

Agent Development and Integration: Developing intelligent agents that can interact with the cloud environment
and utilize the LLM for analysis.

System Evaluation: Evaluating the system's performance using a variety of metrics, including accuracy,
precision, recall, and F1-score.

Comparative Analysis: Comparing the system's performance against existing cloud misconfiguration detection
tools.

Qualitative Analysis: Gathering feedback from security experts on the system's usability and effectiveness.
5.2 Proposed System Architecture

The proposed system architecture comprises the following key components:
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Data Ingestion Module: This module is responsible for collecting data from various sources, including cloud
configuration files (e.g., AWS CloudFormation templates, Azure Resource Manager templates), security policies,
best practice documents, and vulnerability databases.

Knowledge Base (for RAG): A comprehensive repository of security-related information, including best
practices, vulnerability descriptions, compliance requirements, and threat intelligence. This will serve as the
knowledge source for the RAG component.

Retrieval-Augmented Generation (RAG) Module: This module combines a retriever and a generator. The
retriever selects relevant documents from the Knowledge Base based on the current cloud configuration being
analyzed. The generator, an LLM, then uses the retrieved information along with the configuration data to assess
the security posture.

Agent-Based Analysis Module: This module houses intelligent agents that autonomously navigate the cloud
environment, analyze configurations, and interact with the RAG module to identify potential misconfigurations.
Agents can be specialized for different cloud platforms or specific security tasks.

Reasoning and Inference Engine: This component integrates the outputs from the RAG and agent modules,
performs reasoning and inference to identify potential misconfigurations, and generates alerts or reports.

User Interface: A user-friendly interface that allows security analysts to interact with the system, review findings,
and provide feedback.

5.3 Data Collection and Sources
The system will be trained and evaluated using a diverse dataset collected from various sources:

Cloud Configuration Data: Real-world and synthetic cloud configuration files from different cloud providers
(AWS, Azure, GCP), covering a wide range of services and configurations.

Security Best Practices: Documentation from cloud providers, security organizations (e.g., CIS, NIST), and
industry best practices.

Vulnerability Databases: Information from vulnerability databases like CVE (Common Vulnerabilities and
Exposures) and NVD (National Vulnerability Database).

Security Policies: Examples of security policies from different organizations and compliance frameworks (e.qg.,
HIPAA, PCI DSS).

Threat Intelligence Feeds: Data from threat intelligence platforms providing information about current and
emerging threats.

6. Implementation

6.1 Tools and Platforms

The approach used to create the zero-shot cloud misconfigurations detection system is effective in ensuring that
there is scalability when implementing a detection system. The primary method of natural language understanding
implemented here is Google’s Gemini, which we are accessing through its APIl. This LLM is used in a cloud
computing work flow to wade through configuration files and look for potential security issues (Garg et al., 2023).
Some of the cloud platform applied for deployment are Google Cloud for storage, computing and for monitoring
the real-time system.

For managing and preprocessing of the configuration data the Python 3.9+ is used along with the other libraries
like pandas, numpy, re and JSON parsers are used for the configuration files. Secondly, the Terraform tool is used
to build environments for testing misconfigurations for cloud infrastructure. This makes the solution independent
of a special platform, as Docker containers are used for the system construction. Version control is managed using
GitHub while PostgreSQL is used as the backend database for storing result along with misconfigurations
identified.
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This dataset is a combination of actual misconfiguration datasets, such as OpenStack configuration errors and
artificially developed datasets using cloud environment templates (Chen et al., 2024). These datasets are provided
as files in JSON or YAML formats, to correspond to the typical configurations employed in cloud contexts.

6.2 Parameters

For performance enhancement it is most advisable to fine-tune and configure the GEMINI API. The following
parameter are applied:

Parameter Description Value
Model The specific Gemini version used Gemini
Max Tokens Maximum number of tokens per response 1,048,576
Temperature Controls randomness in output 0.3
Top-p Nucleus sampling threshold for token selection | 0.9
Frequency Penalty | This basically punishes a repeated word/phrase | 0.2
Presence Penalty | Encourages novel topic exploration 0.6
Timeout Maximum time to wait for an API response 10 seconds
6.3 Results
Configuration | File Issue Detected | Severity Suggested Fix | Processing Status
ID Type Level Time (s)
1 JSON Public GCS | High Restrict access | 2.35 Resolved
Bucket policies
2 YAML | Open Security | Medium Close wunused | 1.75 Unresolved
Group Port ports
3 JSON Missing Critical Enable 2.80 Resolved
Encryption Key encryption
4 YAML | Weak IAM | High Enforce least | 3.20 Unresolved
Policies privilege

The above implementation pipeline provides a rock-solid and easily scalable system for detecting
misconfigurations with Gemini as well as incorporating other popular cloud-native tools for more practical and

realistic application.
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Figure 5 Zero-shot Classification graph (Towards Al, 2023)
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This work demonstrates how LLMs can be used for zero-shot detection of cloud misconfigurations and offers
substantial contributions to the assessment of cloud safety. This work demonstrated how misconfigurations can
be identified using LLMs through their natural language understanding without the need for specific training for
the tasks.

This is quite a deviation from the ruling methodologies such as rule-based or the purely supervised learning, which
in most cases require highly labeled data set and rules. The proposed framework was effective in identifying
security concerns that are typical with cloud architectures, as well as unveiling features that are not traditional
security risks yet are recognizable to LLMs of different types of settings.

Further, the system offered suggestions and feedback for the problem detected by the system, thus enabling prompt
action to be taken by the user. This feature improves the functionality of the system, and simultaneously reduces
the time spent on remediation thereby decreasing the risk levels of misconfigurations.

One of the interesting features of the results is the LLM’s capacity for understanding and commenting on rather
intricate cloud configuration files. For example, LLMs were able to classify configurations regardless of the
variability encountered in formats or syntaxes unlike some conventional approaches that may be affected when
such differences are encountered.

This was especially conspicuous in cases where there were minor differences from a standard baseline or where
they were nestled in complicated circumstances. The model yielded a high detection rate across the data sets
indicating that it can easily capture data sets from a wide range of clouds. Additionally, we get the effectiveness
of zero-shot learning, which allows the system to detect the misconfiguration it has not learned previously, which
is crucial to adapting to the new threats within cloud environments.

This is very important in the current complex cloud environments that are characterized by frequent and fast
uptake of new technologies and software updates, which pose new risks that may not have initial information
about them.
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Figure 6 Large Language Model Graph (Medium, 2023)

However, the results also highlighted some limitations that have to be met to improve the generalization of the
techniques. However, the detection rates were high with a few cases being faked positives and faked negatives.
Specifically, false positive outcomes where benign configurations were considered as misconfigurations could
result in interventions and can possibly disrupt the functioning of the system.
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While false negatives, where actual misconfigurations are pointed to none, are a direct risk to security. Such
discrepancies reveal the need for improving the detection algorithms to a finer level to reduce errors and
incorporating other context related data to get a better result. One of the major constraints noted in the results was
the cost of implementing LLMs in terms of computational resources.

Reducing or preserving configuration data in real-time is computationally intensive and may present some
problems to organizations with little funding or technical setup. These challenges have to be addressed to enhance
the overall success of the system’s procedures.

Furthermore, the outcomes stress out the need for strong safeguards concerning the confidentiality and integrity
of the data being processed by the system. Due to the nature of cloud configuration files, accuracy, integrity and
availability of information are paramount and it is expected these files be secured through encryption and access
control.

It is also evident that embedding the proposed framework into current cloud security tools might improve its
performance. Automating the identification process and using SIEM and other similar tools automatically
enhances the functioning process and minimizes human error chances.

In the aspect of scalability, it is perceived that the system has positive design implementations to accommodate
small inclination and middle mobile designs but struggled to run in large configuration or in intensive complicated
environment. This also implies that there is need for enhancement to make sure that it can adequately uptake the
challenges of large scale cloud operations.

Furthermore, the versatility of the system for different clouds (AWS, Azure, Google Cloud) operating modes was
examined, and the performance proved to be high. Nevertheless, certain specific configurations of the different
platforms turned out to be a bit problematic and called for further updates to fit into the latter while enhancing
stability.

The results show that it is possible to achieve significant benefits bounded into application of LLMs for the
detection of misconfigurations in cloud systems, thus presenting a flexible, reusable, and effective solution to one
of the existing problems in the cloud environment.

However, the core competencies of the envisaged system established a positive base for further development.
Further improvements in the theoretical framework can make it a very strong and virtually flawless tool for
protecting cloud systems.

Figure 7 Locally hosted LLMs relationship (Medium, 2023)

2567



J. Electrical Systems 20-11s (2024): 2558-2570

7. Discussion

It was confirmed that the use of large language models (LLMs) in the argued problem might be significantly
effective with zero-shot learning process. Natural language understanding of configuration files revealed that the
proposed framework can detect both posed and heretofore unfathomed cloud security threats.

This capability has a considerable advantage over conventional approaches that are based on a set of ready-made
rules or many training samples. The results clearly suggest that LLMs may help solve scale and adaptation issues
in cloud security, as they generalize well across the misconfiguration possibilities (Low et al., 2024). The practical
utility offered by the capacity to filter out and generate preventive or rectification recommendations increases its
practicality and utility to cloud administrators, enabling them to tackle problems and minimize threat exposures
in the sediment immediately.

While the results are promising, the analysis of all these results should consider the fact that the experiments have
been conducted under highly controlled and artificial conditions with synthetic datasets that often do not represent
real-world characteristics of cloud ecosystems.

For purposes of the present review, the following aspects of the proposed approach have been identified as its
major advantages: exempt from the need to have a particular set of training examples that relate to the task leading
to the attractive property of being zero-shot. It does this not only to decrease the amount of time and effort needed
to deploy but also to increase the model’s capacity to respond to new or changing misconfigurations.

Furthermore, the adaption of LLMs with Cloud-Native Instruments and platforms guarantees those security
architectures to be compatible with existing frameworks. Another strength | observed is that LLM-generated
outputs give clear interpretation of the detected issues to administrators thus giving full information to make a
wise decision.

The framework is also built in modular form, which means it can also easily be updated or integrated with other
security tools for application in dynamic cloud environments. However, as with all methodologies, the approach
outlined within this paper has certain disadvantages which must be discussed.

This method’s dependence on pre-trained LLMs like GEMINI means that organisations become dependent on
third parties for managing data assets. A major drawback faced when rolling out LLMs is the computational
extravaganza, which might always compromise the real-time, large-scale detection in the cloud environment
(Gilad et al., 2012).

It is also possible that the model achieves higher accuracy in identifying highly context-dependent
misconfigurations with more significant variation, since LLMs are constrained by the vastness and quality of data
used during pretraining. It is very worrisome that the solution presents problems as false positives and false
negatives; thus, it is imperative to improve and reassess the effectiveness of the detection mechanisms constantly.

However, using the proposed system on non-virtual cloud applications shall prove to be even more complicated.
Cloud platforms, links, users’ needs and wants differ greatly, and this means that cloud computing requires a lot
of testing and fine tuning to be efficient and reliable. Due to the constant evolution of cloud eco-systems evidenced
by constant updates and changes any solution proposed must be nimble and adapt quickly for accuracy’s sake.

Another difficulty is concerned with specific regulating and compliance prerequisites; some organization may
have certain guidelines that have to be met by the framework. Accessibility and efficiency of costs are fundamental
factors, which are important when special institutions such as large companies and enterprises run large scale
cloud services with limited financial resources (Huang et al., 2024). Also, as LLMs operate in working
environments, a very crucial area of concern is the protection of the distributed sensitive data, a measure requires
encryption and access controls need to be put in place.

Despite the capacity of the proposed approach to provide relative improvement of cloud security employing the
utilization of LLMs, it is critical to solve the challenges mentioned above in real implementation environment.
An assessment of the current system clearly indicates that future improvement should involve enhancing its real-
time performance to a much higher level, enhancing the system’s scale to accommodate many students and
courses, and ensuring that the proposed improvements conform to the current privacy and regulatory standards.
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8. Future Recommendations

Optimise the real time detection features of LLMs to reduce response time because of potential cloud
misconfigurations.

Come up with Cloud pretraining techniques that fit Cloud own datasets specifically Cloud datasets for better
accuracy in detection and fewer false alarms.

This should be done in conjunction with other tools of continuous monitoring such as the SIEM systems for real
and automatic analysis of threats.

Increase the LLM’s versatility to work in clouds located all over the world with configurations that are different
from each other.

That is why it is necessary to overcome current biases in LLMs to achieve fair, equitable, and comprehensive
detection of misconfigurations across different environments.

The framework is extended to include inputs in the form of multi-modal diagrams including infrastructure
diagrams and operational logs for a comprehensive security analysis.

They claimed that researchers should pay more attention to enhancing the explainability of the detection results
to provide specific and useful suggestions to cloud administrators.

Accept the specified set of criteria across multiple cloud platforms including, Amazon Web Service, Microsoft
Azure, Google Cloud.

Engage user feedback loop for the purpose of fine tuning based on real world sample for the purpose of improving
the detection system.

Discover the approaches to avoid extra expenses in computations but still guarantee the high rate of detections.

Engage cloud service providers and cybersecurity industry partners to improve the inherently awarded solutions
to realistic scenarios.

Follow compliance with modern legislation in protecting personal data, for example, GDPR and CCPA to boost
the level of trust in the framework.

As for the wiper and botched attacks, one can automate the remediation actions so that there will be minimal
human intervention when the mean time is detected to be misconfigured.

Study the new deployment approaches to ensure that sustainable issues arising from LLM-based solutions are
dealt with.

Explore approaches towards the extension of the system in view of current complex and changeable cloud
environments (Lian et al., 2023).

Examine how LLMs can be aligned with cloud native security tools for better proactive prevention of threat and
attacks.

Provide knowledge submission and training to the Cloud Security Professionals to properly use the LLM-driven
detection systems.

In the future work further, research should be conducted in relation to enhancing generalization ability of LLMs
for detection of new misconfigurations.

9. Conclusion

GEMINI, an example of an LLM, shows a relatively higher performance compared to other models on tasks,
specifically the cloud misconfiguration problem that has not been effectively solved in the past years. As a result,
the proposed framework outperforms the existing detection methods that are based on static rules or machine
learning, such as the need of large volumes of labelled LLMs and the inability to learn from new content.
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The work demonstrates LLMs can parse cloud configuration files, identify previously unseen security
vulnerabilities, and suggest relevant fixes, making this a scalable and explainable solution. The use method
synchronizes LLMs with cloud-based instruments, as well as guaranteeing the adaptability and practicality of the
overall solution.

Real-world studies also confirm that the method presented fits well the proposed framework and uses them for
both known and unknown misconfigurations, being more accurate than previous techniques. In addition to filling
large gaps in cloud security, this research also provides a starting point for future works that look at furthering
integration of Al in the realm of cybersecurity.

This work furthers cloud security by helping to push forward the understanding of cloud misconfiguration
detection and prevention. It is also possible to investigate further how the proposed LLMs can be best fine-tuned
for near real-time detection, how they can be incorporated with continuous monitoring platforms, and how
potential language model-related bias can be managed for better use in dynamic cloud settings.
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