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Abstract: The rapid evolution of cloud computing, transition toward 6G networking, and the proliferation of
microservice architectures have necessitated a paradigm shift in how system reliability and resource efficiency
are managed. Traditional monolithic monitoring systems are increasingly inadequate for the dynamic, decoupled
nature of modern distributed environments. This research provides an exhaustive exploration of the integration
of machine learning and deep reinforcement learning (DRL) for detecting execution anomalies and optimizing
resource distribution. By synthesizing methodologies ranging from time-weighted control flow graph mining to
recurrent neural network attention mechanismes, this study develops a theoretical framework for proactive system
maintenance. We analyze the role of log-based anomaly detection, such as Deeplog and Logsed, in predicting
failures before they impact service level agreements (SLAs). Furthermore, the paper investigates the intersection
of environmental sustainability and system performance, examining how self-adaptive approaches can harness
renewable energy in cloud ecosystems. The research also delves into the complexities of multi-domain service
deployment within 5G and 6G frameworks, emphasizing the necessity of reliability-aware algorithms. Through an
extensive review of existing literature and the proposition of a multi-level self-adaptation model, this article
demonstrates that the future of resilient distributed systems lies in the convergence of automated boundary
detection, intelligent workload scheduling, and adaptive flow control mechanisms. The findings suggest that while
deep learning offers unprecedented accuracy in anomaly diagnosis, the integration of human-centric design-
moving from Industry 4.0 toward Society 5.0-remains critical for the ethical and practical deployment of
autonomous IT infrastructures.

Keywords: Microservices, Anomaly Detection, Deep Reinforcement Learning, Cloud Computing, Edge Computing,
System Reliability, 6G Networks.

fragmentation, while providing benefits in terms of
scalability and development velocity, introduces
significant "blind spots" in system observability.
Traditional rule-based monitoring tools, which rely on
static thresholds and manual intervention, are no
longer capable of keeping pace with the ephemeral
nature of modern cloud-native applications.

Introduction: The contemporary digital landscape is
defined by an unprecedented scale of complexity. As
organizations migrate from monolithic legacy systems
to modular, microservice-based architectures, the
challenges associated with monitoring, maintaining,
and securing these systems have grown exponentially.
In a distributed environment, a single transaction might

traverse dozens of independent services, each running
in its own containerized environment, often across
geographically dispersed data centers. This
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The fundamental problem addressed in this research is
the detection of "soft failures" and performance
anomalies that do not necessarily result in immediate
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system crashes but degrade user experience and
violate service level agreements (SLAs). As noted by
Yagoub, Khan, and lJiyun (2018), IT equipment
monitoring requires sophisticated forecasting and
anomaly detection in log files to move from reactive to
proactive maintenance. Log files serve as the "digital
exhaust" of a system, capturing the granular
interactions between components. However, the sheer
volume of logs generated-often reaching gigabytes per
hour in large-scale deployments - makes manual
analysis impossible.

The literature suggests a transition toward machine
learning (ML) and deep learning (DL) as the primary
vehicles for making sense of this data. For instance, the
use of recurrent neural networks (RNNs) with attention
mechanisms has been proposed to provide
interpretability in system log anomaly detection
(Brown, Tuor, Hutchinson, and Nichols, 2018). This is a
critical development because, in an industrial context,
knowing that a system is failing is only half the battle;
engineers must also understand why it is failing.
Interpretable models allow for faster root cause
analysis, reducing the mean time to repair (MTTR).

Furthermore, the shift toward edge computing and the
impending arrival of 6G networks introduce new layers
of complexity. In these environments, resource
allocation is not just about CPU and memory; itinvolves
managing latency-sensitive workloads across multiple
domains and ensuring reliability in smart ecosystems
(Kibalya, Serrat, Gorricho, Okello, and Zhang, 2020).
The integration of deep reinforcement learning (DRL)
becomes essential here, as it allows systems to learn
optimal scheduling policies through continuous
interaction with a dynamic environment (Zheng, Wan,
Zhang, and Jiang, 2022).

Despite these advancements, a significant gap remains
in creating a unified framework that connects low-level
log analysis with high-level resource orchestration.
Most existing studies focus on either anomaly
detection or resource management in isolation. This
research seeks to bridge that gap by arguing that
anomaly detection should serve as the primary
feedback loop for self-adaptive resource managers. By
modularizing legacy systems through machine
learning-assisted service boundary detection (Hebbar,
2022) and employing multi-level self-adaptation
(zhang, Zhang, Ni, and Liu, 2019), organizations can
build systems that are not only resilient but also
sustainable and SLA-aware.

Detailed Theoretical and Problem

Statement

Background

To understand the necessity of the proposed
integrated frameworks, one must first dissect the
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inherent limitations of current distributed systems.
Distributed systems are characterized by partial failure
modes, where a subset of components fails while the
rest of the system remains operational. This often leads
to "cascading failures," where a bottleneck in one
microservice creates a backpressure effect that
eventually topples the entire architecture.

The early work by Fu, Lou, Wang, and Li (2009) laid the
groundwork for unstructured log analysis, recognizing
that logs are essentially natural language streams
produced by software. Unlike structured metrics (like
CPU usage), logs contain rich semantic information
about the execution path of a program. If a system
deviates from its normal execution flow, the logs will
reflect this shift. However, as systems evolved, the
"unstructured" nature of logs became a hindrance.
Modern deep learning approaches, such as Deeplog,
have addressed this by treating log entries as a
sequence of events, similar to how natural language
processing (NLP) treats words in a sentence (Du, Li,
Zheng, and Srikumar, 2017). By modeling the
probability of the "next log event," these systems can
flag anomalies when the observed event significantly
deviates from the predicted one.

The problem statement also extends to the physical
layer. Cloud computing is an energy-intensive industry.
As the world moves toward Society 5.0, as discussed by
Maier (2021), the human and environmental impact of
technology must be prioritized. This leads to the
challenge of managing applications while harnessing
renewable energy (Xu, Toosi, and Buyya, 2020). A
system that is ‘"reliable" but environmentally
destructive is no longer acceptable in the modern
academic or corporate discourse. Therefore, the
problem is threefold: how to detect anomalies with
high precision and interpretability, how to adapt
resource allocation in real-time to maintain SLAs, and
how to achieve these goals while minimizing the carbon
footprint of the underlying infrastructure.

METHODOLOGY

The methodology employed in this research involves a
multi-staged theoretical synthesis and an analysis of
algorithmic frameworks proposed in the current
literature. We categorize the methods into three
primary pillars: Data Acquisition and Preprocessing,
Anomaly Modeling, and Adaptive Orchestration.

Data Acquisition and Preprocessing for Log-Based
Intelligence The first step in any ML-based system is the
transformation of raw data into a format suitable for
algorithmic ingestion. In the context of log files, this
involves "log parsing." Since logs are often
unstructured, researchers use techniques to extract
"log templates." For example, a log line like
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"Connection from 192.168.1.1 closed" is parsed into a
template like "Connection from <IP> closed." This
allows the system to focus on the event type rather
than the specific variables. The research of Fu et al.
(2009) remains foundational here, as it demonstrated
the effectiveness of grouping similar log messages to
identify execution patterns.

Control Flow Graph (CFG) Mining and Time-Weighted
Analysis Once logs are parsed, the next methodological
hurdle is understanding the sequence of events. Nandi,
Mandal, Atreja, Dasgupta, and Bhattacharya (2016)
introduced the concept of program control flow graph
mining. By treating the execution of a program as a
graph where nodes are log events and edges are
transitions, researchers can identify "illegal" paths that
represent bugs or security breaches. This was further
refined by lJia, Yang, Chen, Li, Meng, and Xu (2017) with
the introduction of "Logsed," which utilizes time-
weighted control flow graphs. In this approach, the
time interval between log events is treated as a critical
feature. A system might follow the correct sequence of
events, but if the interval between "Database Query"
and "Response Received" suddenly jumps from 10ms
to 5000ms, Logsed identifies this as a performance
anomaly.

Deep Learning and Attention Mechanisms The core
methodology for high-accuracy detection involves
Deeplog (Du et al., 2017), which utilizes Long Short-
Term Memory (LSTM) networks. LSTMs are uniquely
suited for this task because they can remember long-
term dependencies in sequential data. However, LSTMs
are often criticized for being "black boxes." To address
this, the methodology incorporates the work of Brown
et al. (2018), which adds attention mechanisms to the
RNN. The attention layer assigns weights to different
parts of the log sequence, allowing the model to
"point" to exactly which previous events led to the
current anomaly flag. This provides the interpretability
required for senior editors and system architects to
trust the model’s output.

Reinforcement Learning for Resource Allocation For
the resource allocation component, the methodology
shifts toward Markov Decision Processes (MDPs). As
described by Yang, Nguyen, Jin, and Nahrstedt (2019)
in the MIRAS framework, model-based reinforcement
learning can be used to allocate resources to
microservices within scientific workflows. The "Agent"
(the resource manager) observes the "State" (current
CPU, memory, and latency), takes an "Action" (scaling
up or down), and receives a "Reward" (based on SLA
compliance and cost). In multi-domain environments,
such as those discussed by Kibalya et al. (2019) for 5G
network slicing, this methodology is expanded to
handle constraints across different administrative
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boundaries, ensuring that reliability is maintained even
as data passes between different providers.

Self-Adaptive Heartbeat Detection Finally, for real-time
fault diagnosis, we analyze the Multi-Factor Self-
Adaptive Heartbeat Detection algorithm (Zang, Chen,
Zou, Zhou, Lisong, and Ruigang, 2018). Unlike
traditional heartbeats that have a fixed frequency, this
adaptive method changes its checking interval based
on network conditions and historical reliability data,
preventing "false positives" in unstable network
environments.

RESULTS

The descriptive analysis of the integrated frameworks
reveals a significant improvement in system resilience
when ML-based anomaly detection is paired with DRL-
based resource management. We categorize these
results into four major findings.

Finding 1: Superiority of Sequence-Based Models over
Threshold-Based Systems The analysis shows that
sequence-based models like DeeplLog and Logsed
consistently outperform traditional threshold-based
monitoring. In complex microservice environments, a
"normal" CPU usage level for one service might be an
"abnormal" level for another. Furthermore, many
failures occur within "normal" resource parameters. By
focusing on the execution path rather than just metrics,
sequence-based models can detect logic errors and
deadlocks that do not immediately spike resource
usage. The use of time-weighted CFGs (Jia et al., 2017)
is particularly effective in cloud environments where
network jitter is common, as it can distinguish between
a transient network hiccup and a systemic failure.

Finding 2: The Efficacy of Attention Mechanisms in Root
Cause Analysis The inclusion of attention mechanisms
(Brown et al., 2018) provides a measurable decrease in
MTTR. In qualitative terms, when an anomaly is
detected, the system provides a "heat map" of the log
sequence. Our analysis suggests that this allows junior
developers to perform at the level of senior researchers
when diagnosing distributed system failures. The
interpretability of the model bridges the gap between
Al-driven automation and human oversight, a key tenet
of the Society 5.0 vision (Maier, 2021).

Finding 3: Impact of Smart Deployment Frameworks on
SLA Compliance The implementation of SLA-aware
frameworks like SmartVM (Zheng, Zheng, Zhang, Deng,
Dong, Zhang, and Liu, 2019) demonstrates that
microservice deployment can be optimized to meet
specific performance targets. By treating the
deployment as an optimization problem, these
frameworks ensure that latency-critical services are
placed on high-performance nodes, while background
tasks are relegated to lower-cost or "green" energy
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nodes. The results indicate that DRL-based workload
scheduling (Zheng et al., 2022) can reduce SLA
violations by up to 30% compared to round-robin or
least-connection scheduling algorithms.

Finding 4: Reliability in Multi-Domain and Edge
Ecosystems Research into 5G and 6G ecosystems
(Giordani, Polese, Mezzavilla, Rangan, and Zorzi, 2020)
highlights the success of multi-domain service
deployment. Using deep reinforcement learning,
systems can navigate the complexities of network
slicing, where different slices (e.g., one for autonomous
vehicles, one for general internet) require different
reliability guarantees. The work by Kibalya et al. (2020)
proves that reliability-aware algorithms can maintain
service continuity even when moving between
different administrative domains, which is crucial for
the global scalability of smart city technologies.

DISCUSSION

The results presented above suggest a promising future
for autonomous system management, but they also
raise several theoretical and practical questions that
merit deep interpretation.

The Convergence of 6G and Human-Centric Systems As
we look toward 6G, the discussion must move beyond
raw speed and latency. Maier (2021) argues for a shift
"from Industry 4.0 toward Society 5.0." This means that
the anomaly detection and resource allocation systems
we build must consider the human element. For
example, if an Al-driven system decides to shut down a
low-priority service to save energy or maintain the
reliability of a high-priority service, what are the ethical
implications if that "low-priority" service is a
communication tool for a marginalized community?
The "intelligence" of the system must be tempered by
policy and human values.

Interpretable Al vs. Performance Trade-offs A recurring
theme in the research is the trade-off between model
complexity and interpretability. While deep neural
networks provide the highest accuracy, they are often
the hardest to explain. The attention mechanisms
proposed by Brown et al. (2018) are a step in the right
direction, but they add computational overhead. In an
edge computing context, where resources are limited
(Cao, Zhang, Li, Feng, and Cao, 2019), the energy cost
of running a complex deep learning model for anomaly
detection might outweigh the benefits. This suggests a
need for "lightweight" ML models that can run on the
edge while still providing enough diagnostic
information to be useful.

The Challenge of Legacy Modularization A significant
hurdle for many organizations is the presence of
monolithic legacy systems. Hebbar (2022) proposes
ML-assisted service boundary detection as a solution.
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This is a critical discussion point because even the best
anomaly detection system will struggle with a
"spaghetti-code" monolith where everything is tightly
coupled. The ability to automatically identify where
one service should end and another should begin
allows for the gradual modernization of infrastructure,
making the subsequent application of Deeplog or
SmartVM much more effective.

Sustainability and Renewable Energy The work of Xu et
al. (2020) on harnessing renewable energy represents
a vital shift in the cloud computing discourse. Future
research must explore how to make anomaly detection
"energy-aware." If the system detects a potential
failure but correcting it requires a massive burst of
energy during a period of low renewable availability,
should the system delay the fix? This creates a multi-
objective optimization problem where reliability, cost,
and sustainability must be balanced.

Limitations and Future Scope Despite the robustness of
current ML models, "data drift" remains a significant
limitation. Software is constantly updated; a log
pattern that was "normal" vyesterday might be
"abnormal" after a new version is deployed. Current
models require frequent retraining, which is resource-
intensive. Future scope includes the development of
"online learning" models that can adapt to new log
patterns in real-time without needing a complete
overhaul. Additionally, the security of the anomaly
detection systems themselves is a burgeoning field. If
an attacker knows how the ML model works, they could
potentially "poison" the logs to hide their activities.

CONCLUSION

This research has synthesized a wide array of
perspectives on the monitoring and management of
modern distributed systems. From the granular
analysis of log files using time-weighted control flow
graphs and deep learning to the high-level
orchestration of resources using reinforcement
learning in 5G and 6G environments, a clear picture
emerges: the manual management of IT infrastructure
is at its end.

The integration of machine learning into the system
lifecycle-from initial modularization to daily operations
and long-term scaling-is not just an optimization but a
necessity for survival in the digital age. We have shown
that deep learning models like DeeplLog, when
enhanced with attention mechanisms, provide the dual
benefits of high accuracy and human-readable
interpretability. Furthermore, we have highlighted that
system reliability must be viewed through the lenses of
both SLA compliance and environmental sustainability.

As we move toward Society 5.0, the goal is to create
"self-healing" systems that can detect anomalies,
139

https://theusajournals.com/index.php/ajast



American Journal of Applied Science and Technology (ISSN: 2771-2745)

diagnose
autonomously,

root causes, and reallocate resources
all while minimizing their carbon

footprint. The path forward involves refining these
models to be more energy-efficient, resilient to data
drift, and deeply integrated into the cross-domain
realities of future telecommunications networks. By
adopting the multi-level self-adaptation approaches
discussed in this article, the academic and industrial
communities can ensure that the next generation of
cloud and edge computing is as reliable as it is
revolutionary.
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