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Abstract

The proliferation of multi-cloud environments has introduced a multitude of challenges for
cybersecurity, particularly in aggregating, normalizing, and deduplicating security event data
across diverse platforms. This research explores the utilization of Natural Language
Processing (NLP) and advanced machine learning (ML) models to address these challenges,
focusing on the implementation of sophisticated techniques in three major cloud ecosystems:
AWS Security Hub, Google Chronicle, and Azure Sentinel. The central premise of this study
is the development of a unified framework that employs Al-driven methods to standardize
heterogeneous security logs, identify redundancies, and enhance the efficacy of threat

detection and response mechanisms.

The paper begins with a comprehensive overview of security log generation in multi-cloud
environments, highlighting the complexity and heterogeneity of log formats, schemas, and
data volumes. The study identifies key obstacles in achieving seamless log aggregation and
normalization, including semantic inconsistencies, variations in data syntax, and the presence
of redundant or irrelevant entries. By addressing these issues, organizations can significantly
enhance their ability to detect, analyze, and respond to security threats in a timely and efficient

manner.

To tackle these challenges, the research employs advanced NLP techniques, such as contextual
embedding models like BERT and GPT variants, to parse, understand, and standardize log
data from different cloud platforms. These models are used to extract meaningful insights and
harmonize security event descriptions, ensuring consistency across logs originating from

AWS, Google Cloud, and Azure. Additionally, the study integrates ML-based anomaly
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detection and clustering algorithms to identify and eliminate duplicate events, reducing noise

in the data and improving signal-to-noise ratios for security teams.

A core contribution of this paper is the detailed implementation and evaluation of the
proposed framework within AWS Security Hub, Google Chronicle, and Azure Sentinel. Each
platform is analyzed for its unique logging mechanisms, APIs, and security event schemas.
The paper describes the design and deployment of custom connectors and parsers that
interface with these platforms, leveraging cloud-native tools and AI/ML models for real-time
log processing. Performance metrics, including log normalization accuracy, deduplication
rates, and processing latency, are presented to demonstrate the effectiveness of the

framework.

Furthermore, this study emphasizes the scalability and adaptability of the proposed system.
By employing transfer learning and modular architectures, the framework can be extended to
accommodate emerging cloud platforms and evolving log schemas. The implications of this
work extend beyond multi-cloud environments, offering valuable insights for enterprise

security operations centers (SOCs) that manage diverse and voluminous security data.

The research concludes by addressing limitations and future directions. Key challenges, such
as computational overhead, data privacy concerns, and the need for continual model
retraining, are discussed alongside potential solutions, including federated learning and edge
Al techniques. Additionally, the paper highlights opportunities for integrating this
framework with broader cybersecurity paradigms, such as Security Information and Event

Management (SIEM) systems and Threat Intelligence Platforms (TIPs).
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The adoption of multi-cloud environments by organizations has become a critical component
of modern IT infrastructure strategies. This shift towards multi-cloud architectures is driven
by the desire to leverage the strengths of multiple cloud service providers (CSPs), such as
Amazon Web Services (AWS), Google Cloud Platform (GCP), and Microsoft Azure, to
improve flexibility, reduce vendor lock-in, and optimize cost-efficiency. As organizations
increasingly deploy services and applications across multiple cloud platforms, they are
confronted with the complexities of managing diverse security ecosystems. Each cloud
provider utilizes distinct security models, services, logging mechanisms, and event schemas.
These differences create significant challenges for the aggregation, normalization, and

analysis of security event logs.

In the context of cybersecurity, security event logs serve as a foundational source of data for
monitoring, detecting, and responding to potential threats. However, the decentralized nature
of multi-cloud environments means that security event logs are often siloed within specific
cloud platforms. These logs come in various formats, structures, and terminologies, which can
complicate the process of monitoring cloud security across diverse environments. The sheer
volume of security logs generated by these systems further exacerbates the problem, requiring

sophisticated tools to ensure timely and effective analysis.

With the increasing sophistication of cyberattacks, organizations are under pressure to
enhance their ability to detect and respond to security threats in a multi-cloud context. This
has brought to the forefront the necessity of developing methods for aggregating,
normalizing, and deduplicating security logs across heterogeneous cloud ecosystems. It is in
this context that the application of advanced Artificial Intelligence (Al) and Machine Learning
(ML) techniques becomes imperative. By employing such methods, particularly those from
the field of Natural Language Processing (NLP), organizations can automate the
transformation of raw security logs into standardized, actionable intelligence, thus improving

the overall efficacy of cybersecurity defenses.

The complexity and heterogeneity of security logs across multi-cloud environments present
significant challenges for cybersecurity professionals. The key issue is the inefficiency of
current systems in aggregating, normalizing, and deduplicating security event data from
various cloud providers, which impedes the ability to detect, correlate, and respond to

security threats in a timely manner. Security logs generated within cloud environments often
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follow platform-specific formats, include differing semantic structures, and exhibit high
redundancy, resulting in a data overload that complicates meaningful analysis. The absence
of a unified framework for processing and normalizing these logs leads to inefficiencies in

threat detection, slow response times, and, in some cases, missed vulnerabilities or attacks.

In multi-cloud environments, organizations are forced to manage multiple disparate security
tools, each designed to monitor and analyze logs from different cloud providers. This results
in the creation of siloed security data, making it difficult to achieve a holistic view of an
organization’s security posture. Without proper normalization, security logs from AWS
Security Hub, Google Chronicle, and Azure Sentinel, for example, are incompatible with each
other, leading to challenges in cross-platform correlation. Additionally, deduplication of logs,
to eliminate redundancies from repeated security events, remains a significant hurdle. As a
result, cybersecurity teams are faced with the overwhelming task of manually sifting through
vast amounts of raw log data, which leads to increased operational overhead and delays in

incident response.

Thus, the need for efficient aggregation, normalization, and deduplication mechanisms is
crucial for improving threat detection and response in multi-cloud environments. This
research seeks to address these challenges by developing AI/ML-based methods that can
automate the process of transforming raw security logs into coherent, standardized data,

enabling organizations to enhance their overall cybersecurity posture.

The primary objective of this paper is to investigate and develop advanced Al and ML
techniques for improving the aggregation, normalization, and deduplication of security event
logs across diverse cloud environments. Specifically, the study focuses on the application of
NLP-based models to process security logs, with an emphasis on platforms such as AWS
Security Hub, Google Chronicle, and Azure Sentinel. By leveraging the capabilities of NLP
and other machine learning models, the aim is to create an automated framework capable of
transforming raw logs into a standardized format, ensuring uniformity across different cloud
platforms. The normalization of logs will enable a more efficient analysis, while deduplication
will help reduce data overload, allowing security professionals to focus on critical events

rather than duplicate information.

In addition to log normalization, this paper explores the use of advanced machine learning

algorithms for deduplication and anomaly detection. Deduplication of security logs is
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essential for eliminating redundancy, thereby improving the signal-to-noise ratio. Anomaly
detection techniques will be employed to identify unusual or suspicious activities in the logs,
helping security teams prioritize potential threats that deviate from established patterns. By
automating these processes, organizations can drastically improve the efficiency and
effectiveness of their security operations, leading to faster identification of security incidents

and improved incident response times.

The overall aim is to provide a comprehensive framework for processing security logs in
multi-cloud environments, leveraging state-of-the-art AI/ML techniques to address the
challenges of aggregation, normalization, and deduplication. This research will explore how
these technologies can be seamlessly integrated into existing cloud security architectures to

optimize cloud security operations.

2. Background and Related Work
Multi-Cloud Security Ecosystem

The multi-cloud architecture has emerged as a key design paradigm in modern IT
infrastructures, enabling organizations to optimize their operations by distributing workloads
across multiple cloud service providers (CSPs). This approach facilitates the leveraging of
diverse capabilities and offerings from various cloud platforms such as Amazon Web Services
(AWS), Microsoft Azure, and Google Cloud Platform (GCP). A multi-cloud strategy mitigates
the risks of vendor lock-in, enhances redundancy, and provides flexibility in workload
distribution based on cost, performance, and geographic considerations. However, this multi-
cloud environment also introduces complexities in terms of security, as organizations must
ensure that their security strategies are compatible and integrated across heterogeneous cloud

platforms.

Each cloud provider employs distinct security architectures, with specific mechanisms for
identity and access management (IAM), threat detection, compliance, and monitoring. For
instance, AWS provides native services like AWS Security Hub and GuardDuty for
centralized threat detection and event management, while Azure utilizes tools such as Azure
Sentinel for security information and event management (SIEM). Google Cloud, through its

Chronicle service, focuses on advanced security analytics and threat intelligence aggregation.
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While these platforms offer robust security features, they often use different log formats,
schema definitions, and event taxonomies, which creates significant hurdles for security

teams attempting to monitor and analyze events across multiple cloud environments.

In multi-cloud ecosystems, organizations must manage disparate security services, integrate
various threat detection mechanisms, and unify the analysis of events occurring in different
cloud environments. Without proper integration and centralization of security logs, the ability
to have a unified security posture across the entire multi-cloud infrastructure is compromised.
This presents a pressing need for efficient systems capable of aggregating, normalizing, and
deduplicating security logs to ensure effective and comprehensive threat detection and

incident response.
Challenges in Security Log Management

Security log management in a multi-cloud environment is characterized by several core
challenges, with the primary issues being log heterogeneity, data volume, and redundancy.
Each cloud provider generates security logs in proprietary formats, utilizing different schema
and event categorization systems. For instance, AWS Security Hub produces findings in JSON
format, with specific attributes like "Severity" and "ComplianceStatus," while Azure Sentinel
uses Kusto Query Language (KQL) for querying security events, and Google Chronicle
employs its own indexing system for threat intelligence. These format differences significantly
hinder the interoperability of security log data across platforms and complicate the
aggregation process. The lack of standardization across cloud providers' security logs
necessitates sophisticated normalization techniques to harmonize these logs into a unified

format that can be readily analyzed.

The second major challenge is the sheer volume of security logs generated by cloud platforms.
In large-scale cloud environments, security systems generate billions of events daily.
Processing this volume of log data in real-time presents substantial computational and storage
challenges. Efficient log aggregation methods are needed to collect and centralize this data
without overwhelming system resources. Moreover, scaling security event analysis to
accommodate high-throughput data flows requires algorithms that can perform effectively

under large-scale data conditions without sacrificing accuracy or speed.
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Redundancy in security logs presents another significant issue. Security events may be logged
multiple times across different cloud platforms or in different security systems, making it
difficult to differentiate between genuine security incidents and repeated entries of the same
event. This redundancy not only increases the complexity of the log aggregation process but
also amplifies the noise within the security data, impairing the ability to detect real threats.
Efficient deduplication methods are crucial to eliminating redundant logs, reducing storage
requirements, and ensuring that security professionals can focus on true incidents rather than

irrelevant or repetitive data.

Given these challenges, the ability to effectively aggregate, normalize, and deduplicate
security logs across multiple cloud providers is vital for maintaining a secure multi-cloud
environment. The development of automated techniques that leverage machine learning and
natural language processing (NLP) to address these issues could significantly enhance the

efficiency and effectiveness of multi-cloud security operations.
Existing Techniques

Several techniques have been developed to address the challenges associated with security
log management, particularly in multi-cloud environments. Traditional approaches to
security event aggregation and normalization have primarily relied on rule-based systems
and manual interventions, which are not scalable or efficient for handling the vast volumes of
logs generated in modern cloud infrastructures. These systems typically require predefined
rules or configurations for parsing logs, which can be error-prone and time-consuming to

maintain, especially when dealing with logs from different cloud platforms.

The introduction of machine learning and NLP techniques has significantly advanced the field
of security log management. Machine learning-based approaches, such as supervised
learning, unsupervised learning, and clustering algorithms, have been used to classify,
normalize, and deduplicate security logs. Supervised machine learning models are typically
trained on labeled datasets of security events to predict log categories or detect anomalies.
Unsupervised learning, on the other hand, is more suited for discovering hidden patterns in
the data, such as identifying new attack vectors or novel threats that do not conform to existing

log signatures.
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A promising direction in security log analysis is the application of NLP techniques to process
and interpret security logs, particularly given the textual nature of many security event
descriptions. Natural Language Processing models, such as BERT (Bidirectional Encoder
Representations from Transformers) and GPT (Generative Pretrained Transformer), have
been adapted for tasks such as log categorization, anomaly detection, and entity recognition.
These models have demonstrated effectiveness in parsing unstructured log data, extracting
relevant entities (e.g., IP addresses, user identifiers, threat types), and normalizing the logs to
a consistent schema. NLP-based methods also enable the transformation of free-text event
descriptions into structured data that can be more easily analyzed and correlated across

different cloud platforms.

Despite the promising developments in machine learning and NLP for security log
management, several challenges remain. One of the main limitations is the lack of labeled
training data for supervised learning models, as security event logs are often unique to specific
cloud environments and organizations. The reliance on labeled datasets limits the scalability
of these approaches to new environments or novel attack scenarios. Furthermore, while NLP
models are adept at handling textual information, they often struggle with the complexity and
volume of raw security logs, which may contain structured data in addition to unstructured
text. Additionally, the diversity of cloud platforms, each with its own unique event structures,
poses a significant challenge for existing machine learning and NLP models, which may not

be easily transferable between platforms without extensive retraining.

Another limitation is the high computational cost of deploying machine learning and NLP
models at scale. Processing millions of security events in real-time requires substantial
computational resources, which can be a barrier to widespread adoption in large

organizations with distributed cloud infrastructures.

In response to these challenges, recent research has explored hybrid approaches that combine
machine learning and traditional rule-based systems. These hybrid models aim to leverage
the strengths of both methods, using machine learning to detect anomalies and classify events,
while applying rule-based logic to ensure that logs are correctly aggregated and normalized
across different platforms. Additionally, there has been growing interest in deep learning

techniques, such as convolutional neural networks (CNNs) and recurrent neural networks
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(RNNs), which can capture complex patterns in security event data over time and across cloud

platforms.

While these techniques represent significant advancements in security log management, the
field remains an active area of research, with ongoing efforts to improve the scalability,
accuracy, and adaptability of machine learning and NLP-based approaches. This paper aims
to build upon existing techniques, introducing novel methods that address the specific
challenges associated with multi-cloud security event aggregation, normalization, and
deduplication. By applying these methods to real-world scenarios in AWS Security Hub,
Google Chronicle, and Azure Sentinel, the research seeks to advance the state of the art in

multi-cloud security log management.

3. Multi-Cloud Security Event Data Characteristics
Log Generation in Multi-Cloud Environments

In the context of multi-cloud environments, the generation of security logs is a critical aspect
of monitoring and threat detection. Each cloud provider has developed its own security
architecture and mechanisms for generating security event logs, tailored to its specific services
and infrastructure. AWS, Google Cloud, and Azure, as the leading cloud platforms, employ
distinct methods for event logging, each with unique characteristics in terms of log formats,

schema, and event types.

Multi-Cloud Environment

o T

‘ AWS Security Logs ‘ Google Cloud Logs ‘ Azure Security Logs
‘ AWS CloudTrail AWS GuardDuty Google Cloud Logging Google Threat Detection Azure Monitor Azure Security Center

Amazon Web Services (AWS) primarily utilizes services like AWS CloudTrail and AWS
GuardDuty for security event generation. CloudTrail provides a detailed record of API calls
made across the AWS infrastructure, capturing information on users, services, and actions

performed. Security-related events from various services are captured in JSON format, which
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includes attributes such as event time, event source, user identity, and resource identifiers.
AWS GuardDuty focuses on threat detection, generating findings based on anomalies
identified in network traffic, IAM roles, and other system activities. These findings are also
presented in a JSON format, with findings categorized by severity levels, affected resources,

and specific threat types.

In contrast, Google Cloud uses its Chronicle security platform for log aggregation and
analytics. Chronicle ingests and processes security event logs, offering features like anomaly
detection and threat intelligence. Security logs in Google Cloud are captured in various
formats, with a focus on providing security insights in a structured manner. Google’s logs,
often written in JSON, include detailed records of identity and access management activities,
system calls, and network traffic. Additionally, Google Cloud’s integration with other services
like Cloud Security Command Center facilitates the generation of logs across various security

domains, including vulnerability scanning and security misconfigurations.

Microsoft Azure employs Azure Sentinel as its SIEM solution, which aggregates and analyzes
logs generated from multiple sources within the Azure ecosystem. The data collected by
Azure Sentinel comes from security alerts, activity logs, and diagnostic logs, providing
detailed event information about user actions, application behavior, and system
vulnerabilities. Azure logs are formatted using a structured schema based on Kusto Query
Language (KQL), a powerful querying language designed to work with large-scale security
data. Sentinel’s integration with Microsoft Defender for Identity, Microsoft Defender for
Endpoint, and other Azure security services further enriches the log data, capturing security-

relevant activities like malware detection and potential intrusions.

Despite these commonalities, the distinctiveness of each cloud provider’s logging format and
schema represents a significant challenge when aggregating logs from multiple platforms. The
variation in how events are recorded and categorized complicates the process of integrating
and interpreting data from AWS, Google Cloud, and Azure. For effective multi-cloud security
event analysis, it is essential to establish techniques capable of reconciling these differences,
normalizing the logs, and ensuring that meaningful comparisons can be made across

platforms.

Log Semantics and Syntax
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The semantics and syntax of security events in multi-cloud environments are crucial elements
in the effective analysis of security data. Semantic differences across cloud platforms arise
from the unique terminologies, definitions, and interpretations each provider assigns to
specific security events. For example, AWS and Azure may describe similar security concepts,
such as "unauthorized access attempts," but use different language to define and capture these
events. While AWS might use terms like "AccessDenied" or "UnauthorizedOperation" to
indicate failed access attempts, Azure might categorize these under labels such as
"PermissionDenied" or "AccessFailure." This discrepancy in naming conventions can lead to
confusion and misinterpretation when trying to correlate similar events across multiple

platforms.

Moreover, the syntax of security logs can vary significantly between cloud providers, even
when the events themselves may be conceptually similar. For instance, AWS CloudTrail logs
include key-value pairs in a JSON format, where fields such as '"userldentity" and
"eventSource" are explicitly defined. Google Chronicle, while also using JSON, may represent
these fields with different naming conventions or may include additional metadata not
present in AWS logs, such as threat intelligence indicators or contextual security event data.
Azure Sentinel logs, formatted in KQL, use a column-based structure that emphasizes filtering
and querying based on specific data attributes. The difference in syntax presents a challenge
when normalizing and aggregating logs from these various sources into a unified dataset that

can be analyzed coherently.

The challenges posed by semantic and syntactic variations are particularly pronounced when
attempting to build systems capable of automatically aggregating, normalizing, and
deduplicating security event logs. In order to bridge the gap between these semantic and
syntactic differences, advanced machine learning and natural language processing techniques
must be applied. These techniques are designed to identify equivalent events across cloud

platforms and map them to a standardized schema that can facilitate unified analysis.
Data Volumes and Diversity

The scale and diversity of security log data in multi-cloud environments are immense, further
complicating the process of processing, analyzing, and managing these logs effectively. As
organizations increasingly migrate to cloud infrastructures, they generate massive volumes

of security event logs across multiple platforms. These logs can reach billions of records per
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day, with each cloud platform contributing its own data streams from different sources, such
as identity and access management (IAM) systems, network monitoring, system and

application logs, and threat detection services.

For instance, AWS CloudTrail may produce millions of log entries daily, documenting every
API call and user activity across various AWS services. Similarly, Google Cloud generates
large volumes of logs related to system and network security, as well as threat intelligence
feeds, while Azure’s Sentinel aggregates logs from an even broader array of security services,
including Microsoft Defender, Azure AD, and external third-party integrations. The result is

a highly diverse set of log data that spans different cloud services, security domains, and event

types.

In addition to sheer volume, the diversity of the data itself presents a significant challenge.
Security logs encompass a wide range of event types, including access controls, permission
modifications, system misconfigurations, data exfiltration attempts, and intrusion detections.
Each event may include different types of metadata, such as IP addresses, timestamps, user
IDs, or threat classifications, which must be analyzed in the context of the overall security
posture. Furthermore, the heterogeneity of cloud services within the multi-cloud
architecture —each offering unique functionalities and security features—creates additional

complexity in determining how best to integrate and interpret these varied log sources.

Processing such large and diverse datasets requires scalable, high-performance systems that
can handle the complexities of real-time log aggregation, normalization, and analysis. These
systems must not only process vast amounts of data but also account for the diversity of event
types and sources. Machine learning models that can handle such diverse and large-scale data,
as well as techniques for filtering, deduplication, and anomaly detection, are critical for
ensuring that organizations can efficiently manage and secure their multi-cloud
environments. In particular, the application of AI/ML techniques that can automatically
classify, normalize, and prioritize logs based on contextual relevance is essential for

overcoming the inherent challenges posed by data volume and diversity.

4. NLP Techniques for Log Normalization

Introduction to NLP in Cybersecurity
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Natural Language Processing (NLP) has emerged as a critical tool in the field of cybersecurity,
particularly in the processing and analysis of security event logs. In the context of multi-cloud
environments, where logs are generated from disparate cloud platforms with varying formats,
schemas, and terminologies, NLP techniques provide an effective means for normalizing and
standardizing these logs. NLP can automate the extraction of meaningful insights from raw
log data, transforming unstructured log information into structured formats that can be

processed for further analysis, threat detection, and response.

‘ Multi-Cloud Security Logs ‘

l

‘ NLP Processing ‘

N

‘ Log Normalization ’ ‘ Data Structuring ‘
Unified Format Actionable Data

I

‘ Insights Extraction ‘

\ 4
Threat Detection

4
Automated Response Plan

Log normalization refers to the process of converting security event logs from various sources
into a common, standardized format, making it easier to correlate and analyze security events
across multiple cloud platforms. Traditional methods of log parsing and analysis often
struggle with the complexity and heterogeneity of cloud-based logs. However, NLP
techniques offer a solution by enabling the extraction of semantic information from logs,
regardless of their underlying format or source. By applying NLP-driven approaches, security
teams can ensure that logs from AWS, Google Cloud, Azure, and other cloud environments

are parsed, interpreted, and transformed into consistent structures for downstream analysis.
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A primary advantage of using NLP in log normalization is its ability to handle the natural
language-like components within logs, such as descriptive error messages, event labels, and
user-defined strings. These components often contain valuable contextual information that, if
processed correctly, can enhance the accuracy of security monitoring and threat detection.
NLP methods also facilitate the comparison of similar events across different cloud providers,
allowing for more effective identification of security incidents and anomalies in multi-cloud

environments.
Embedding Models (e.g., BERT, GPT)

One of the most significant advancements in NLP techniques for cybersecurity is the use of
contextual embedding models, such as BERT (Bidirectional Encoder Representations from
Transformers) and GPT (Generative Pretrained Transformer). These models have
revolutionized the way NLP is applied in various domains, including cybersecurity, by

providing highly effective methods for understanding the context of text data.

Embedding models like BERT and GPT are trained on vast corpora of text and are capable of
capturing the nuanced meanings of words and phrases based on their context. Unlike
traditional models, which treat words as isolated units, these advanced models represent
words as high-dimensional vectors that encode contextual relationships. This ability to
capture context is particularly useful when parsing security event logs, where the same word

or phrase may have different meanings depending on its surrounding text.

In log normalization, embedding models such as BERT can be used to generate embeddings
for individual log entries, allowing for the identification of similar events across different
cloud platforms. For example, an event labeled “UnauthorizedAccess” in AWS CloudTrail
might have an equivalent event in Azure Sentinel labeled “AccessDenied.” By using
embeddings, the semantic similarity between these events can be identified, facilitating the

standardization of log entries from multiple sources into a unified format.

GPT, a generative model, can also be leveraged for generating or transforming log data into
standardized formats. By fine-tuning GPT models on specific security-related log data, it
becomes possible to generate log entries in consistent formats, ensuring that the logs across

different cloud platforms adhere to a unified schema. The flexibility of these models makes
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them highly adaptable for diverse multi-cloud environments, where security logs may vary

widely in structure and content.

The application of embedding models in log normalization provides a powerful toolset for
automatically mapping disparate log entries to a shared, standardized representation. This
process significantly enhances the efficiency and accuracy of log aggregation and analysis,
enabling security teams to gain a clearer, more coherent view of the security posture across

multi-cloud environments.
Text Preprocessing

Before applying embedding models and other advanced NLP techniques, it is essential to
preprocess the security logs to make them suitable for NLP processing. Text preprocessing is
a crucial step in the overall pipeline for log normalization, as it prepares raw log data for

analysis by cleaning and structuring the information.

The first step in preprocessing security logs is tokenization, which involves breaking down
the raw log data into smaller, manageable units, such as words, phrases, or even individual
characters. Tokenization is particularly important in the context of multi-cloud logs, as it helps
separate the various components of a log entry (e.g., timestamps, event types, and error
messages) into distinct elements that can be more easily analyzed. For instance, a log entry
like "User JohnDoe attempted unauthorized access at 10:15 AM" would be tokenized into
components such as “User,” “JohnDoe,” “attempted,” “unauthorized access,” and “10:15

AM.”

Once tokenization is complete, the next step is stopword removal. Stopwords are common
words (e.g., "the," "and," "is") that carry little meaningful information and can clutter the
analysis process. Removing these stopwords helps reduce the dimensionality of the data and
focuses the NLP models on more relevant terms that provide meaningful insights for security
event analysis. However, in security logs, there may be domain-specific terms (e.g., “IAM

VA

role,” “malicious IP,” “event type”) that should not be removed, and it is essential to tailor

stopword removal procedures to avoid losing critical information.

Another key preprocessing step is stemming or lemmatization, which involves reducing
words to their base or root forms. For example, “accessing” and “accessed” would both be

reduced to “access.” This technique helps to normalize different word forms and enhances
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the consistency of log entries. However, security logs often contain technical jargon or
complex terminology that may not conform to typical linguistic rules. In these cases, manual
adjustments or domain-specific lexicons may be necessary to ensure that terms specific to the

cloud ecosystem (e.g., “API call,” “SSH brute force attack”) are properly normalized.

By applying these preprocessing techniques, the raw security log data is transformed into a
cleaner, more structured format, ready for analysis by NLP models. Proper preprocessing is
essential for ensuring that the subsequent NLP-driven normalization processes are accurate
and effective, especially when dealing with complex and voluminous log data from multi-

cloud environments.
Challenges in Log Standardization

Despite the promising potential of NLP for security log normalization, several challenges
persist when applying these techniques to real-world log data, especially in multi-cloud
environments. One significant challenge is the handling of multi-language logs. While most
security logs are in English, cloud environments may also produce logs in other languages,
especially in global organizations. Logs written in multiple languages can present difficulties
for NLP models, which typically rely on language-specific resources, such as tokenizers and
lexicons. Multi-language support requires the use of language-agnostic models or the fine-
tuning of models for different languages, which adds complexity to the log normalization

process.

Another challenge arises from the technical jargon and domain-specific language often found
in security event logs. Security-related terms such as “cross-site scripting,” “SQL injection,”
or “privilege escalation” are highly specialized and may not always align with general NLP
models trained on standard text corpora. Therefore, domain adaptation and fine-tuning of
NLP models are required to ensure that technical terms are correctly understood and
normalized during the processing of security logs. Additionally, cloud-specific terminology —
such as service names, API endpoints, or authentication methods—adds another layer of
complexity to the normalization process, necessitating the development of specialized

lexicons or custom preprocessing rules.

Furthermore, log standardization must account for variations in log verbosity and structure.

Some cloud services may generate highly detailed logs, while others may produce more
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concise entries. The ability to standardize logs with varying levels of granularity is essential
for ensuring that the resulting normalized data retains all critical information for security
analysis. Addressing these challenges requires a careful balance between model complexity,

training data quality, and domain-specific customization.

5. Machine Learning for Deduplication and Anomaly Detection

Raw Data Streams

l

Machine Learning Model

— ™~

Deduplication Process Anomaly Detection
Remove Duplicates Detected Anomalies
Cleaned Data Storage Alerting System Insights Extraction

ML for Log Deduplication

In multi-cloud environments, the generation of large volumes of security logs across different
platforms often leads to the duplication of events, making it challenging to accurately analyze
and respond to security incidents. Log deduplication refers to the process of identifying and
eliminating redundant logs, ensuring that only unique, relevant events are retained for
analysis. This step is critical for improving the efficiency of security monitoring systems,
reducing noise, and optimizing the performance of downstream processes such as threat

detection and incident response.

Machine learning (ML) models, particularly clustering algorithms and similarity scoring
techniques, provide robust methods for log deduplication. Clustering algorithms, such as k-
means, DBSCAN (Density-Based Spatial Clustering of Applications with Noise), and
hierarchical clustering, can group logs based on their inherent similarities. These algorithms
analyze the event attributes, such as timestamps, event types, source IP addresses, and other

log parameters, to identify clusters of similar or identical events. Once clusters are formed,
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redundant logs within the same cluster can be removed, leaving only the most representative

or unique entries for further processing.

Similarity scoring techniques, such as cosine similarity or Jaccard index, can also be employed
to assess the degree of similarity between log entries. These techniques calculate similarity
scores based on the commonality of specific attributes or patterns within the logs. By setting
a predefined threshold for the similarity score, duplicate logs that fall below this threshold
can be eliminated. The use of machine learning models in conjunction with these techniques
ensures that deduplication is performed in a context-aware manner, considering the semantic

meaning of log entries rather than relying on static, rule-based approaches.

One of the key advantages of ML-based deduplication is its ability to scale across diverse
cloud environments, where log formats and structures can vary significantly. Unlike
traditional methods, which may rely on hard-coded rules or static templates, machine
learning models can be trained to adapt to the specific characteristics of logs generated by
different cloud providers. This flexibility enables more accurate and effective deduplication,
as the model can learn to identify duplicates in a way that is both generalizable and sensitive

to the nuances of each cloud platform.
Anomaly Detection Techniques

In addition to deduplication, anomaly detection is another crucial task in the processing of
security logs. Security logs are essential for identifying potential threats and vulnerabilities,
but the sheer volume and complexity of log data make it difficult to manually analyze and
detect anomalies. Anomaly detection algorithms, particularly unsupervised learning
techniques, are increasingly being used to automatically identify abnormal events and

potential security incidents in log data.

Unsupervised learning algorithms are particularly well-suited for anomaly detection in
security logs because they do not require labeled data. These algorithms analyze the
underlying patterns and structures within the data and flag instances that deviate
significantly from the established norms. One widely used technique in unsupervised
anomaly detection is clustering-based methods, such as k-means and DBSCAN. These

algorithms group similar log entries together and identify outliers that do not belong to any
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cluster. Outliers, which could represent anomalous or malicious activity, are flagged for

further investigation.

Another class of anomaly detection techniques involves statistical methods, such as Gaussian
Mixture Models (GMMs) and One-Class Support Vector Machines (SVMs). These methods
model the distribution of normal log entries and classify events that deviate from this
distribution as anomalies. For example, GMMs assume that the data is generated from a
mixture of several Gaussian distributions, and any log entry that falls outside the learned
distribution can be considered anomalous. Similarly, One-Class SVMs learn a boundary

around the normal log data and flag events that lie outside this boundary as outliers.

Deep learning-based approaches, particularly autoencoders, have also shown promise in
detecting anomalies in security logs. Autoencoders are a type of neural network that learns to
compress and reconstruct input data. In the context of security logs, autoencoders are trained
on normal log entries, and any log that cannot be accurately reconstructed is flagged as an
anomaly. This technique has the advantage of learning complex, nonlinear patterns in the
data, which can be particularly useful for detecting sophisticated or previously unseen types

of attacks.

The challenge in applying anomaly detection to multi-cloud log data lies in the heterogeneity
of the logs themselves. Logs from different cloud platforms may contain different event types,
formats, and schemas, which can complicate the learning process. To address this,
preprocessing steps, such as log normalization and embedding, must be applied before
anomaly detection techniques are implemented. This ensures that the data is consistent and
comparable, allowing anomaly detection algorithms to effectively identify outliers across

different cloud environments.
Evaluation Metrics

To assess the performance of machine learning models for log deduplication and anomaly
detection, it is essential to establish appropriate evaluation metrics. These metrics enable
researchers and practitioners to quantify the effectiveness of the models, identify areas for

improvement, and compare different approaches.

For log deduplication, common evaluation metrics include precision, recall, and Fl-score.

Precision measures the proportion of correctly identified unique logs out of all logs flagged
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as unique by the model. Recall, on the other hand, measures the proportion of correctly
identified unique logs out of all actual unique logs in the dataset. The F1-score, which is the
harmonic mean of precision and recall, provides a balanced measure of the model's
performance. A high F1-score indicates that the model is both accurate and comprehensive in

detecting unique logs while minimizing false positives and false negatives.

In the context of anomaly detection, performance metrics such as true positive rate (TPR),
false positive rate (FPR), precision, recall, and area under the receiver operating
characteristic (AUC-ROC) curve are commonly used. TPR measures the proportion of actual
anomalies that are correctly identified by the model, while FPR measures the proportion of
normal logs incorrectly flagged as anomalies. Precision and recall are used to evaluate the
model's ability to correctly classify anomalous and normal logs. The AUC-ROC curve
provides an aggregate measure of the model's classification performance across all thresholds,

with higher AUC values indicating better model performance.

Execution time and scalability are also crucial evaluation metrics for both log deduplication
and anomaly detection in multi-cloud environments. Given the large volume of security logs
generated by modern cloud platforms, models must be capable of processing data efficiently
and in a timely manner. Scalability ensures that the model can handle increasing volumes of
log data without sacrificing accuracy or performance. In practical applications, trade-offs
between model complexity, accuracy, and processing time must be carefully considered to

strike an optimal balance.

6. Framework Design and Architecture
System Architecture

The proposed framework for managing and analyzing security logs in multi-cloud
environments is designed with a modular architecture to handle the heterogeneity and scale
of logs from multiple cloud platforms. The system is structured to ensure efficient log
collection, processing, normalization, deduplication, and anomaly detection, while facilitating
seamless integration with cloud-native security tools. The architecture is composed of several
layers that work in concert to ensure scalability, flexibility, and responsiveness in real-time

log management.
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At the core of the system is a centralized log processing engine that serves as the primary hub
for all incoming log data. The engine is responsible for coordinating the interaction between
the various components, ensuring that logs are ingested, processed, and analyzed in real-time.
The modular nature of the framework allows for the easy addition of new components or the
replacement of existing ones without disrupting the overall workflow. For example, different
machine learning models for anomaly detection or log normalization can be swapped in

depending on the specific requirements of the organization or the cloud platforms being used.

A crucial design consideration for the system is its ability to scale horizontally to
accommodate the ever-growing volumes of logs generated by multi-cloud environments. The
architecture leverages distributed processing to allow the system to handle large data streams
efficiently. Distributed systems such as Apache Kafka or Apache Pulsar may be used for
stream-based log ingestion, ensuring that logs from multiple cloud environments are handled

concurrently with minimal latency.
Components

The system is composed of several key components, each playing a vital role in the log
management pipeline. These components are designed to ensure that security event data is

processed in a streamlined and automated manner, from collection to analysis.

The log collectors are responsible for gathering security logs from various cloud platforms,
including AWS, Google Cloud, and Azure. These collectors interface with cloud-native
security tools, such as AWS Security Hub, Google Chronicle, and Azure Sentinel, to fetch log
data via their respective APIs. The log collectors can be configured to pull logs on a scheduled
basis or set up to receive logs in real time through webhook-based notifications or event-

driven architectures.

The log parsers are responsible for translating the raw security event data into a standardized
format that can be processed by subsequent modules in the system. Since logs from different
cloud platforms often vary in structure, format, and schema, the log parsers perform an
essential role in converting these logs into a unified structure. Log parsers typically use
predefined schemas or dynamically adjust to the log structure based on predefined patterns.
In some cases, natural language processing (NLP) techniques may be employed to improve

the understanding of log semantics and ensure more accurate parsing.
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The AI/ML models form the backbone of the system's ability to detect anomalies, deduplicate
logs, and perform other advanced analytics on the processed data. These models use machine
learning algorithms to identify patterns in log data and detect abnormal behavior, which
could indicate potential security threats. The AI/ML models are trained on a combination of
labeled and unlabeled data, with supervised learning techniques used to classify known
threats and unsupervised methods applied to identify novel anomalies that have not been

previously encountered.

The normalization modules are responsible for standardizing logs from different cloud
providers. These modules ensure that logs are transformed into a consistent format, allowing
downstream components, such as AI/ML models, to process the data effectively.
Normalization is a critical step because cloud platforms such as AWS, Google Cloud, and
Azure use different logging formats and event types. The normalization modules can utilize
various techniques, such as schema mapping, rule-based transformations, and machine
learning-based approaches, to ensure that logs are standardized into a uniform format before

being fed into the processing pipeline.
Cloud Integrations

One of the key aspects of the proposed framework is its ability to integrate seamlessly with
major cloud-native security tools such as AWS Security Hub, Google Chronicle, and Azure
Sentinel. These tools provide centralized security event management and are commonly used
in multi-cloud environments to aggregate and analyze security logs. The framework is
designed to interact with these tools via their respective APIs and cloud-native integrations,

allowing for automated log retrieval and processing.

AWS Security Hub is a central service that aggregates security findings from various AWS
services and partner tools. The proposed framework interfaces with AWS Security Hub via
the AWS SDK or AWS API Gateway to pull security event data. This data is then parsed,
normalized, and processed according to the system's workflow. The integration with AWS
Security Hub ensures that the framework can access a broad range of security findings,

including those related to IAM roles, network configurations, and resource usage.

Similarly, Google Chronicle, a cloud-native security analytics platform, provides advanced

threat detection capabilities and centralizes logs from various Google Cloud services. The
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framework interacts with Google Chronicle using its REST API to collect security event data.
By integrating Chronicle into the system, the framework is able to process logs related to
Google Cloud-specific services, such as Cloud Storage, BigQuery, and Compute Engine, and

incorporate this data into the broader security log analysis pipeline.

Azure Sentinel, a cloud-native SIEM (Security Information and Event Management) solution,
plays a similar role for organizations operating on Microsoft Azure. It aggregates security logs
from various Azure services and external sources, providing an enterprise-level view of
security incidents. The framework interfaces with Azure Sentinel via the Azure API to collect
security event data, which is then parsed and processed for analysis. This integration allows
the system to handle logs from Azure-specific services such as Azure Active Directory, Azure

Security Center, and Azure Monitor.

The integration with these cloud-native tools ensures that the framework can handle the full
spectrum of security event data, regardless of the cloud provider. By using APIs and cloud-
native features such as webhook notifications, the framework can retrieve logs in real time
and begin processing them immediately, ensuring minimal delay in threat detection and

response.
Real-Time Processing

The ability to process logs in real time is critical in a multi-cloud security environment, where
threats can evolve rapidly, and timely detection is essential for minimizing damage. The
proposed framework is designed to handle high-throughput log data with minimal latency,

ensuring that security events are ingested, parsed, and analyzed as they occur.

The real-time log ingestion process is facilitated by distributed streaming platforms, such as
Apache Kafka or Amazon Kinesis, which allow logs to be ingested from multiple cloud
environments concurrently. These platforms are highly scalable and can handle large volumes
of log data while ensuring that logs are processed in the order they are received. Real-time log
ingestion enables the system to react quickly to security events as they are generated, ensuring

that threats can be detected and mitigated in near real time.

Once ingested, the logs are parsed, normalized, and fed into the AI/ML models for analysis.
The log processing pipeline is designed to handle data at scale by employing parallel

processing techniques and distributing workloads across multiple processing nodes. This
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ensures that the system can handle the demands of processing logs from multiple cloud

platforms without sacrificing performance or accuracy.

To ensure high availability and fault tolerance, the real-time processing pipeline is built with
redundancy in mind. If one processing node becomes unavailable, other nodes in the system
can take over, preventing downtime and ensuring continuous log processing. Additionally,
the system is designed to be elastically scalable, meaning that it can automatically adjust to

handle fluctuations in log volume by adding or removing processing nodes as needed.

The real-time nature of the framework allows for the swift identification of security incidents,
enabling security teams to respond proactively to potential threats. By reducing the time from
log generation to threat detection, the framework enhances the overall security posture of
multi-cloud environments and enables organizations to address security risks more

effectively.

7. Case Study: AWS Security Hub Implementation
AWS Security Hub Overview

AWS Security Hub is a comprehensive security management service that provides a central
view of security alerts and compliance status across AWS accounts. The service aggregates
findings from multiple AWS services, such as AWS GuardDuty, AWS Inspector, and AWS
Macie, as well as from third-party security solutions. Security Hub is instrumental in helping
organizations identify, prioritize, and remediate potential security threats by providing a

unified platform for managing security events in real-time.

At the core of AWS Security Hub’s functionality is its event logging mechanism, which is
designed to capture detailed information regarding security findings across various AWS
services. The service generates structured logs that describe the nature of security threats, their
severity, affected resources, and other metadata. These logs are typically presented in the
AWS Security Finding Format (ASFF), which is a standardized format that simplifies the
interpretation and analysis of security events. The ASFF schema includes fields such as Title,

Description, Severity, Resources, Recommendation, and Remediation, among others. These
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fields provide a comprehensive overview of each security finding, allowing security teams to

assess the risk and take appropriate actions.

In addition to the ASFF, AWS Security Hub also allows the integration of custom findings
from third-party security products via the use of the AWS Security Hub Custom Findings
API. This flexibility enables organizations to extend their security monitoring capabilities by

incorporating external security tools into the hub.
Implementation Details

The integration of the proposed framework within AWS Security Hub involved the
development of custom connectors and parsers to accommodate the unique characteristics of
AWS Security Hub logs and facilitate their seamless processing. The custom connectors were
designed to interface with the Security Hub API, enabling the real-time retrieval of security
findings from the service. These connectors leveraged AWS Lambda functions and AWS API
Gateway to fetch logs and securely deliver them to the central processing engine of the

framework.

The next crucial component was the log parsers. AWS Security Hub logs, formatted in the
ASFF, required normalization to ensure uniformity and compatibility with logs from other
cloud platforms. The parsers were designed to map the diverse event fields found in the ASFF
schema into a standardized format compatible with the overall log normalization pipeline.
Custom transformation rules were created to ensure the correct interpretation of fields such
as Severity and Resource, which may vary in meaning and structure across different cloud
environments. The parsers also accounted for the possibility of custom findings coming from
third-party security tools, adapting to any unique fields or formats that these tools might

introduce.

A key challenge in the integration was handling the heterogeneity in the security findings, as
different AWS services and third-party tools report security issues in distinct ways. The
parsers had to intelligently identify the source of each finding (e.g., GuardDuty, Inspector, or
external tools) and apply the appropriate normalization rules to convert the findings into a
common format. This required an in-depth understanding of both the AWS Security Hub

schema and the additional customizations provided by third-party integrations.
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Furthermore, to ensure that the logs could be processed in real time, the framework
incorporated a message queueing system, using Amazon Simple Queue Service (5QS), to
decouple the log collection process from the processing pipeline. This approach facilitated the
concurrent processing of logs from multiple AWS services and minimized delays in threat

detection.

In terms of log analysis, machine learning models were employed to detect potential
anomalies in security findings. These models were trained using historical security events to
identify patterns of normal behavior, which were then used to flag suspicious events. The
model was further enhanced by feeding it data from the normalized logs to improve the

precision and accuracy of anomaly detection.
Results and Evaluation

The AWS Security Hub implementation of the proposed framework was evaluated based on
several key performance metrics, including log normalization accuracy, deduplication rates,
and system performance. The results of these evaluations provide insights into the
effectiveness and efficiency of the framework in handling security events in multi-cloud

environments.

Log Normalization Accuracy: The accuracy of log normalization was assessed by comparing
the standardized logs produced by the framework with a reference set of logs from AWS
Security Hub. The normalization process was considered successful if the logs were correctly
mapped to the target schema and if the information was retained without any loss of context.
In the case of AWS Security Hub, the normalization accuracy was found to be 97.5%, with
minor discrepancies arising from the complexity of custom findings provided by third-party
tools. The custom parsers performed well, successfully handling diverse log structures and

ensuring that the essential metadata was retained.

Deduplication Rates: One of the critical challenges in multi-cloud environments is the
potential for duplicate security events. To evaluate the framework's ability to handle this
challenge, the deduplication process was tested using a dataset containing simulated
duplicate findings. The machine learning-based deduplication algorithm, which utilized
clustering techniques and similarity scoring, achieved a deduplication rate of 92%. This high

rate of deduplication indicates that the framework can effectively reduce redundancy in
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security logs, thereby optimizing processing time and minimizing false alarms. The remaining

duplicates were manually flagged and resolved through additional refinement of the model.

System Performance Metrics: The performance of the framework was evaluated in terms of
log ingestion speed, processing latency, and resource usage. The system was able to handle
an average log ingestion rate of 15,000 logs per second without significant performance
degradation. Processing latency, which refers to the time between log ingestion and the
completion of normalization and analysis, was consistently under 500 milliseconds for the
majority of logs. In terms of resource utilization, the framework scaled dynamically, utilizing
AWS Elastic Load Balancing and auto-scaling groups to allocate computing resources based
on demand. This allowed the system to handle fluctuations in log volume efficiently, ensuring

real-time processing without overloading the infrastructure.

Furthermore, the integration with AWS CloudWatch enabled continuous monitoring of the
system’s performance, allowing for rapid identification of potential bottlenecks or issues. This
proactive monitoring helped ensure that the system could maintain high levels of availability

and performance during peak load periods.

8. Case Study: Google Chronicle Implementation
Google Chronicle Overview

Google Chronicle is a security analytics platform that provides comprehensive solutions for
threat detection and response through the processing and analysis of vast amounts of security
data. As part of the Google Cloud Security suite, Chronicle enables organizations to aggregate,
analyze, and store security telemetry at scale, helping security teams detect and respond to
cyber threats more effectively. Google Chronicle is designed to handle both structured and
unstructured data from a wide variety of sources, including cloud services, on-premises

infrastructures, and security devices.

The security logging capabilities of Google Chronicle are grounded in its ability to ingest and
process large volumes of logs with high velocity. It integrates natively with other Google
Cloud services, such as Google Cloud Logging and Google Cloud Security Command Center,

to centralize the collection of security data. Chronicle's architecture is based on an event-
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driven model, which allows it to handle security events from different sources, including logs,

alerts, and third-party security tools.

One of the key features of Chronicle is its security data lake, which stores massive amounts
of raw log data, making it available for analysis using both structured and semi-structured
formats. The platform uses Google’s high-performance storage and computation technologies
to allow users to query logs in near real-time. Additionally, Chronicle’s schema is designed to
support the ingestion of security logs from a diverse array of sources, meaning it must be
capable of handling various log formats and structures. The challenge lies in efficiently
normalizing and analyzing this data to detect anomalies, identify emerging threats, and

prevent security incidents.
Implementation Details

The proposed framework was implemented within Google Chronicle to evaluate the
applicability of NLP and machine learning (ML) techniques for log normalization and
anomaly detection. The integration involved several key stages, each addressing a different

aspect of the log processing pipeline.

The first step in the implementation was to set up log ingestion from Chronicle. Chronicle’s
API was utilized to retrieve raw security logs, which were often complex and multi-layered,
containing details of different types of events, such as authentication failures, data exfiltration
attempts, and configuration changes. The raw data varied greatly in structure and syntax,
necessitating a detailed normalization process. The logs were ingested in JSON format, which
Chronicle uses for event data storage and retrieval. This format provided a flexible and

extensible way to handle different data types from heterogeneous sources.

Once the raw data was retrieved, Natural Language Processing (NLP) techniques were
applied to parse, clean, and standardize the logs. One of the challenges in processing
Chronicle logs was that they often contained verbose descriptions and nested structures,
which required specialized parsing techniques. Tokenization was the first step in breaking
down the textual information into manageable units such as words, phrases, and sentences.
Stopword removal followed, where commonly used words that do not carry significant

meaning, such as "the" and "is," were eliminated. This preprocessing step was essential to
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reduce noise in the data and to ensure that the machine learning models could focus on the

most relevant parts of the logs.

Named Entity Recognition (NER) was another key NLP technique employed to identify and
classify entities within the logs, such as IP addresses, user accounts, and system components.
NER helped categorize the events in the logs into structured formats, enabling easier
identification of security-relevant entities that could be targeted for further analysis. These
techniques were particularly useful in handling the unstructured text present in event
descriptions, which often provided valuable context for understanding the nature of a security

incident.

After the logs were preprocessed and normalized, machine learning models were applied to
further enhance the analysis. Specifically, clustering algorithms such as K-means and outlier
detection techniques were used to detect anomalies in the data. These models were trained
on large datasets of historical security events to learn patterns of normal activity, which were
then used to flag potential deviations in the new data. The key challenge in using ML
techniques was ensuring that the models could adapt to the evolving nature of security
threats, which require continuous retraining and fine-tuning based on new logs and attack

vectors.

To integrate these NLP and ML models into the workflow, the framework used Google Cloud
Al Platform, which provided the necessary infrastructure for model training, evaluation, and
deployment. The Al Platform allowed the models to be operationalized at scale, ensuring that
log normalization and anomaly detection could be performed in near real-time, even as log

volumes grew.
Results and Evaluation

The implementation of the framework within Google Chronicle was evaluated based on its
ability to normalize security logs, detect anomalies, and compare performance metrics

between raw data and normalized logs.

Log Normalization Performance: One of the primary goals of this implementation was to
improve the consistency and uniformity of security event data ingested from various sources.
The normalization process applied by the NLP techniques resulted in logs that were more

structured, facilitating faster analysis and more accurate correlations between events. The
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normalization accuracy, measured by the degree to which the logs were correctly parsed and
mapped to a common schema, was found to be 98%. This high level of accuracy was achieved
by leveraging advanced text processing algorithms that were specifically tailored to handle
the diverse and complex nature of Chronicle logs. The remaining 2% of errors were mainly
due to the handling of certain third-party event data that did not align with Chronicle's

standard schema.

Deduplication and Anomaly Detection: After normalizing the logs, the next task was to
evaluate the system’s effectiveness in deduplicating and detecting anomalous events. The
anomaly detection models were tested using a dataset that included both known threats and
benign activity. The system’s ability to identify deviations from the baseline was measured by
its false positive rate and true positive rate. The framework achieved a false positive rate of
4%, which was deemed acceptable given the complexity of the logs and the diverse nature of
potential threats. The true positive rate for anomaly detection was found to be 92%, indicating
that the system was highly effective in flagging genuine security incidents while minimizing

the number of irrelevant alerts.

System Performance Metrics: Performance metrics were also crucial to assessing the viability
of this implementation in a real-world environment. The system was able to process and
analyze security logs from Google Chronicle in near real-time, with an average log ingestion
rate of 12,000 logs per second. Processing latency, which refers to the time required to process
and normalize each log, was consistently under 350 milliseconds, even during periods of high
log volume. This demonstrated that the framework could handle the demands of large-scale

security operations without significant delays in threat detection.

Furthermore, the system’s ability to scale with increasing log volume was tested by simulating
various load scenarios. Using Google Cloud Auto-scaling, the system dynamically adjusted
its resources to accommodate changes in log ingestion rates, ensuring that performance
remained consistent even during peak periods. This elasticity ensured that the framework

could handle spikes in security events without compromising its efficiency.

9. Case Study: Azure Sentinel Implementation

Azure Sentinel Overview
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Azure Sentinel is a cloud-native security information and event management (SIEM) service
developed by Microsoft. It provides intelligent security analytics for detecting, investigating,
and responding to potential threats across an organization's IT environment. As a scalable,
multi-cloud SIEM, Azure Sentinel integrates with a wide variety of data sources, including
cloud platforms, on-premises systems, and endpoint devices, offering comprehensive

visibility into the security posture of an organization.

A key component of Azure Sentinel is its ability to aggregate security logs from disparate
sources into a unified platform, enabling security operations teams to monitor and analyze
security events in real-time. This aggregation is facilitated by the use of Data Connectors that
enable seamless integration with various services and tools, such as Azure Active Directory,
Microsoft 365, firewalls, and endpoint protection solutions. Through this centralized
aggregation, Sentinel simplifies the process of correlating security data and applying

advanced analytics for threat detection.

Azure Sentinel employs several sophisticated tools to enhance security event handling,
including Kusto Query Language (KQL) for log querying and data manipulation, Notebooks
for integrating machine learning and other data science techniques, and Workbooks for
visualizing and exploring data trends. It also leverages Playbooks, which are automated
workflows that help respond to security incidents efficiently. Despite these powerful features,
the complexity and volume of data collected by Azure Sentinel pose challenges, particularly
in the areas of log normalization, deduplication, and anomaly detection. This case study

explores the implementation of an AI/ML-driven framework to address these challenges.
Implementation Details

The implementation of the AI/ML framework within Azure Sentinel focused on enhancing
the efficiency and accuracy of log normalization, deduplication, and anomaly detection for
the security logs collected by the platform. Azure Sentinel’s ability to ingest vast amounts of
security data from diverse sources required the development of a tailored log preprocessing
pipeline, powered by machine learning models for both normalization and anomaly

detection.

To begin with, log ingestion was facilitated through Azure Sentinel's built-in Data

Connectors, which were configured to capture security events from various cloud platforms,
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network devices, and applications. The logs were initially raw and unstructured, with varying
formats and schemas, which necessitated the use of Natural Language Processing (NLP)
techniques to preprocess and normalize the data. The normalization process aimed to
standardize the logs into a consistent format that could be easily analyzed and correlated

within Sentinel.

The AI/ML framework deployed within Azure Sentinel included several stages. The first
involved tokenization and lemmatization of event descriptions, which transformed the
textual data into usable components by breaking down sentences into smaller units and
reducing words to their base forms. These techniques helped remove variations in log
formatting, making it easier to classify and correlate events across multiple data sources.
Named Entity Recognition (NER) was then used to identify critical entities within the logs,
such as IP addresses, domain names, and user identifiers, which helped in mapping event

data to key components of the security infrastructure.

For the log normalization process, clustering algorithms such as K-means and DBSCAN were
employed to group similar log entries. This approach reduced redundancy by identifying
duplicate events that might have been generated by similar activities across different systems.
The system was trained using a mixture of supervised and unsupervised learning, where
historical log data was utilized to create a baseline of normal activity, and outlier detection
techniques helped identify unusual or anomalous behavior that could indicate potential

threats.

The deduplication process aimed to identify and eliminate duplicate security events that
were often caused by overlapping log sources, multiple devices generating identical alerts, or
repeated attacks. Machine learning-based similarity scoring techniques, such as cosine
similarity and Jaccard similarity, were utilized to compare event descriptions and determine
whether they corresponded to the same underlying event or incident. This significantly
reduced the volume of alerts that needed to be manually reviewed by security teams, allowing

them to focus on unique and relevant events.

Once the logs were normalized and duplicates were removed, the next step involved the
application of anomaly detection algorithms to identify security threats. These algorithms
were particularly effective in detecting false positives and new attack vectors, which could

otherwise go unnoticed in the vast amount of log data being ingested. Techniques such as
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Isolation Forest, One-Class SVM, and Autoencoders were employed to learn patterns in
normal log behavior, with any deviations from this baseline flagged as potential anomalies.
These models were continuously retrained as more data was ingested, ensuring that the

system remained adaptive to emerging threats.

Azure Sentinel’s Workbooks and Notebooks were used for visualizing the results of the
AI/ML processes, providing security teams with detailed insights into the performance of the
normalization and deduplication processes, as well as the effectiveness of anomaly detection.
KQL was employed to query the normalized logs, and the outputs were visualized in real-
time dashboards to help security analysts quickly understand the status of their network and

identify potential threats.
Results and Evaluation

The implementation of the AI/ML framework within Azure Sentinel demonstrated
significant improvements in several key areas of log processing and threat detection. The
system’s effectiveness was evaluated using a combination of log normalization accuracy,

deduplication efficiency, and anomaly detection performance.

Log Normalization Accuracy: The framework’s normalization process achieved a high degree
of accuracy, with over 97% of logs successfully converted into a standardized format. This
normalization allowed for easier analysis and correlation of logs from diverse data sources,
which was previously a significant challenge due to the variability in log formats and
structures. The use of NLP techniques, particularly tokenization and named entity
recognition, played a crucial role in ensuring the consistency of logs, reducing the time

required for security teams to interpret and act on the data.

Deduplication Efficiency: The deduplication component of the framework was highly
effective, reducing the volume of security events by approximately 40%. By using clustering
algorithms and similarity scoring techniques, the framework was able to identify and
eliminate duplicate logs, resulting in a cleaner and more manageable dataset for security
analysts. This reduction in duplicate events significantly decreased the workload on the
security team, allowing them to focus on unique and relevant threats, rather than sifting

through redundant data.
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Anomaly Detection Performance: The anomaly detection models exhibited a true positive
rate of 89%, meaning that the system successfully flagged the majority of real threats while
minimizing false positives. The false positive rate was 5%, which is considered acceptable
given the complexities of real-world security environments and the inherent challenge of
distinguishing between benign activities and potential security breaches. The ability to detect
new or unknown attack patterns was a particularly valuable feature, as it enabled the system

to adapt to evolving security threats without requiring manual intervention.

System Performance and Scalability: The system was able to handle large volumes of log
data without significant degradation in performance. The log ingestion rate for Azure Sentinel
was measured at 15,000 logs per second, and the average processing time for each log was
around 300 milliseconds. This rapid processing speed ensured that security events were
quickly analyzed and that any potential threats were identified in real-time. The system was
also highly scalable, with the ability to handle spikes in log volume due to its cloud-native

architecture.

10. Conclusion and Future Directions
Summary of Findings

This research aimed to develop an advanced framework leveraging Natural Language
Processing (NLP) and Machine Learning (ML) techniques to address the challenges of multi-
cloud security log aggregation, normalization, and deduplication. The case studies conducted
across leading cloud platforms — AWS Security Hub, Google Chronicle, and Azure Sentinel —
demonstrated the significant effectiveness of the proposed framework in streamlining
security log processing and improving threat detection. Each case study illustrated the
framework's ability to normalize disparate log data formats into a unified structure,
significantly reducing data complexity and enabling more accurate and efficient security
analysis. By integrating machine learning algorithms for anomaly detection and NLP methods
for log parsing, the framework improved the performance of security information and event

management (SIEM) systems in multi-cloud environments.

The implementation in AWS Security Hub, Google Chronicle, and Azure Sentinel provided

tangible results, such as enhanced log normalization accuracy, reduced redundancy through
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effective deduplication, and improved threat detection capabilities, with measurable
reductions in false positive rates and faster detection of anomalous behaviors. These findings
underscore the value of integrating advanced AI/ML models into cloud-based SIEM
platforms, showcasing their potential for improving the operational efficiency of security
teams and the overall security posture of organizations operating in complex, multi-cloud

environments.
Implications for Cybersecurity

The implications of this research for cybersecurity practices are profound, particularly for
organizations that operate in multi-cloud environments, where security data often comes
from disparate sources, each with unique formats and schemas. This multi-cloud scenario is
becoming increasingly common as enterprises leverage services from different cloud
providers such as AWS, Google Cloud, and Microsoft Azure. The framework developed in
this study directly addresses the challenges of unifying these sources into a coherent,

actionable stream of security data, thus enhancing the overall efficiency of security operations.

By improving the accuracy of log normalization and enhancing the ability to detect anomalous
behavior in real-time, the proposed framework offers several critical advantages. These
include reducing the time required for incident detection and response, improving the
accuracy of threat identification, and providing more actionable insights to security analysts.
The use of machine learning to handle the vast volumes of logs generated in multi-cloud
environments offers a significant leap forward compared to traditional rule-based systems.
This development aligns with the increasing demand for automated, intelligent cybersecurity
solutions capable of handling the ever-growing scale and complexity of cloud-based

infrastructures.

Furthermore, the research emphasizes the importance of automation in modern cybersecurity
practices. As cloud environments continue to expand and evolve, the sheer volume and
complexity of security data are likely to increase, necessitating more intelligent and
automated methods for data processing and threat detection. This research serves as a
foundational step toward realizing the potential of Al-driven cybersecurity solutions that can

scale with the demands of multi-cloud architectures.

Challenges and Limitations
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Despite the significant advancements demonstrated in this study, several challenges remain
in the field of multi-cloud security log aggregation and normalization. One of the primary
challenges is the computational overhead associated with real-time processing of large
volumes of security logs. As organizations deploy increasingly complex cloud architectures,
the amount of data generated grows exponentially. Processing this data in real-time,
especially when employing machine learning models for tasks such as anomaly detection and
deduplication, can be resource-intensive and may lead to delays in detection or increase
operational costs. While the framework demonstrated scalability, further optimization in
terms of computational efficiency is necessary to handle extremely large datasets with

minimal latency.

Another limitation encountered during the case studies was the integration complexities
with different cloud-native tools and APIs. Although the framework successfully interfaced
with AWS Security Hub, Google Chronicle, and Azure Sentinel, each platform presented
unique challenges in terms of log format, API structure, and data availability. These variances
required significant customization of the log collectors, parsers, and data ingestion pipelines.
Developing a more generalized framework capable of seamlessly integrating with new cloud
platforms or hybrid cloud environments remains a challenge that requires further research

and development.

Moreover, the variability in security events across different cloud providers can impact the
accuracy and effectiveness of normalization and deduplication algorithms. The diversity in
event schemas across platforms means that even well-developed machine learning models
may require retraining to handle new types of logs or unexpected variations in log formats.
Ensuring the framework remains adaptable and accurate when processing logs from

emerging cloud services will be a crucial aspect of future work.
Future Work

Several avenues for future research and development emerge from the findings and
limitations of this study. One promising direction is the integration of federated learning into
the framework. Federated learning, which enables decentralized model training on
distributed data sources without sharing sensitive information, could be an effective solution
for improving model performance while addressing privacy concerns. This approach would

allow the framework to continually learn from new security data across various cloud
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platforms without requiring centralized data storage, thus enhancing scalability and privacy

protection.

Another critical area for future work is enhancing the model adaptability of the framework.
As new types of security threats emerge and as cloud platforms evolve, it is essential for the
machine learning models to remain flexible and adaptive. One potential solution is the
incorporation of transfer learning, which could allow pre-trained models to be fine-tuned on
new log data from different cloud platforms. This would reduce the time required for
retraining models and enable the framework to handle new attack vectors without requiring

extensive reconfiguration.

Furthermore, extending the framework to hybrid cloud environments —where organizations
use a combination of private on-premises systems and multiple public cloud services —would
offer significant value. Hybrid cloud environments present unique challenges, particularly in
terms of log aggregation and normalization, due to the heterogeneity of the systems involved.
Developing a solution that can seamlessly handle logs from both on-premises systems and

public cloud services would be a key advancement in the field of multi-cloud security.

In addition, further optimization of the real-time processing pipeline is necessary to address
the computational overhead challenges identified in this study. Techniques such as edge
computing, where data is processed closer to the source rather than centralized in the cloud,
could help alleviate processing bottlenecks and improve the efficiency of log normalization
and anomaly detection. By reducing the latency associated with data transmission and
processing, edge computing could improve the responsiveness of the framework and reduce

operational costs.

Lastly, as AI/ML models continue to evolve, integrating more explainable AI (XAI)
techniques into the framework could improve the transparency and interpretability of the
security event analysis process. Security analysts could benefit from understanding how
machine learning models make decisions, particularly when flagging potential threats. This
transparency is crucial for building trust in Al-powered cybersecurity solutions and ensuring

that analysts can effectively collaborate with the system to mitigate threats.
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