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ABsTrACT

Modern federated corporate computing environments are characterized by distributed architectures,
heterogeneous cloud infrastructures, and dynamic workload orchestration requirements. While these
systems provide scalability and resilience, they also introduce complex failure modes that are difficult to
diagnose, reproduce, and mitigate in real time. Traditional monitoring and reactive recovery strategies are
increasingly insufficient for addressing cascading failures across multi-cloud and edge-integrated
ecosystems. This research proposes an adaptive reliability enhancement paradigm grounded in failure
retrospection and Al-driven reasoning, leveraging large language models (LLMs), container orchestration
systems, and post-incident intelligence frameworks.

The study builds upon recent advancements in cloud-native resilience engineering and self-healing
systems, particularly those integrating post-mortem analytics with Kubernetes-based orchestration layers
(Post-Mortem Intelligence for Self-Healing Multi-Cloud Enterprise Applications Using LLMs and
Kubernetes, 2026). The proposed conceptual framework emphasizes retrospective failure interpretation,
semantic log abstraction, and automated corrective action generation through generative Al reasoning
modules. By integrating federated learning principles and distributed observability pipelines, the
framework enables cross-domain knowledge transfer for improved reliability optimization.

Furthermore, the model incorporates insights from edge-cloud collaboration systems and microservices
persistence mechanisms to ensure robustness under variable network conditions (Al-Obeidat et al.,, 2021;
Chen et al., 2024). The research also evaluates the role of Al-enabled resource scheduling and digital twin-
driven system simulation in predicting failure propagation patterns (Nguyen et al.,, 2021; Mansour et al,,
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2023). A key contribution lies in aligning post-failure intelligence extraction with adaptive orchestration
policies to enable autonomous recovery loops.

The findings suggest that integrating LLM-based reasoning with federated operational telemetry
significantly improves failure detection accuracy, reduces mean time to recovery (MTTR), and enhances
system adaptability under uncertainty. However, challenges remain in ensuring model interpretability,
data privacy, and computational overhead in large-scale deployments. This study contributes a structured
theoretical foundation for next-generation self-healing federated infrastructures powered by Al-driven
retrospective intelligence systems.

KEYWORDS

Federated computing, self-healing systems, failure retrospection, large language models, Kubernetes
orchestration, adaptive reliability, cloud-native systems, Al-driven reasoning, distributed systems, post-
mortem intelligence.

the need for intelligent failure management
systems capable of reasoning across distributed

The rapid evolution of distributed computing telemetry streams.
architectures has led to the emergence of federated
corporate computing environments where
applications span multiple cloud providers, edge
nodes, and on-premise infrastructures. This
paradigm enables organizations to achieve
elasticity, fault tolerance, and geographic
distribution of workloads. However, it also
introduces significant operational complexity due
to heterogeneity in infrastructure layers, service
dependencies, and runtime behaviors. As systems
scale, the probability of partial or cascading
failures increases, necessitating more advanced
reliability engineering approaches.

INTRODUCTION

Recent advancements in artificial intelligence,
particularly large language models (LLMs), have
introduced new possibilities for interpreting
unstructured system logs, identifying semantic
patterns in failure events, and generating
automated remediation strategies. In parallel, post-
mortem analysis techniques have evolved from
manual debugging reports to structured, machine-
readable failure narratives. The integration of
these capabilities forms the foundation of post-
mortem intelligence systems, which aim to
transform historical failure data into actionable
knowledge for system improvement (Post-Mortem

Traditional reliability mechanisms in distributed Intelligence  for  Self-Healing  Multi-Cloud
systems rely heavily on reactive monitoring and Enterprise  Applications Using LLMs and
rule-based alerting systems. These methods, while Kubernetes, 2026).

effective for localized failures, fail to capture the
systemic interactions that lead to complex failure
propagation. The increasing adoption of
microservices and container orchestration
platforms such as Kubernetes has further amplified

Despite these advancements, existing approaches
still lack a unified framework that connects failure
retrospection with adaptive system control. Most
cloud-native monitoring systems focus on
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detection rather than reasoning, and most Al-
driven solutions operate in isolation from
orchestration layers. This disconnect limits the
ability of systems to autonomously adapt based on
learned failure patterns.

The problem becomes more pronounced in
federated environments where data is distributed
across administrative boundaries, and where
privacy constraints restrict centralized learning.
Techniques such as federated learning and
decentralized optimization offer partial solutions,
but they do not fully address the need for semantic
reasoning over system-wide failure histories.

This research addresses these challenges by
proposing an adaptive reliability enhancement
framework that integrates failure retrospection,
Al-driven reasoning, and orchestration-based
recovery mechanisms. The primary objective is to
enable systems not only to detect and respond to
failures but also to learn from them in a structured
and generalizable manner.

The significance of this study lies in its potential to
improve operational resilience in large-scale
enterprise environments. By leveraging LLMs for
semantic interpretation and Kubernetes for
automated remediation, the proposed approach
aligns with modern cloud-native engineering
principles. Furthermore, it extends existing
research in cloud computing reliability by
incorporating retrospective intelligence as a core
component of system design.

The scope of this work includes federated
enterprise systems operating across multi-cloud
and edge infrastructures. It focuses on failure
detection, root cause analysis, and automated
recovery, while also considering constraints such

as latency, computational overhead, and data
privacy. The study aims to contribute both a
conceptual framework and an analytical
perspective on Al-driven reliability enhancement
in distributed computing ecosystems.

LITERATURE REVIEW

Recent research in distributed computing
reliability has increasingly focused on integrating
artificial intelligence, edge computing, and cloud-
native architectures to enhance system robustness.
The literature reveals a convergence of three
primary domains: cloud resource optimization,
intelligent data mining, and self-healing system
design.

Al-Obeidat et al. (2021) explore microservices
persistence techniques for cloud-based systems,
emphasizing data consistency and resilience in
distributed architectures. Their work highlights
the importance of maintaining state integrity
across loosely coupled services, which forms a
foundational requirement for any adaptive
recovery system. However, their approach
primarily focuses on persistence mechanisms
rather than dynamic failure reasoning or
autonomous recovery.

Similarly, Chen et al. (2024) investigate mobile
healthcare data mining within edge-cloud
collaboration = environments. = Their  study
demonstrates how distributed analytics can
improve decision-making efficiency under
constrained resources. While their findings
support the feasibility of edge-assisted
computation, they do not address system-level
failure retrospection or orchestration-driven
recovery strategies.
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Ding et al. (2021) contribute to IoT image
recognition services in mobile edge computing
environments, focusing on diversified service
delivery. Their work underscores the importance

of service adaptability in heterogeneous
environments. However, their model lacks
integration with failure-aware learning

mechanisms, limiting its applicability in resilience
engineering contexts.

Farashaei et al. (2024) introduce cloud-based data
fusion using neural networks for behavioral
analytics. Although their approach demonstrates
the effectiveness of Al in interpreting complex
datasets, it is primarily oriented toward predictive
analytics rather than post-failure reasoning or
system recovery.

Mansour et al. (2023) propose an energy-efficient
resource scheduling optimizer for green cloud
computing environments. Their work highlights
the role of optimization algorithms in improving
system efficiency but does not incorporate failure-
driven adaptability or retrospective learning
components.

Nguyen et al. (2021) present cyber-physical cloud
manufacturing systems using digital twins, which
provide real-time simulation capabilities for
system behavior analysis. This concept is
particularly relevant to failure prediction and
recovery modeling, as digital twins enable
scenario-based evaluation of system resilience
under different failure conditions.

A significant contribution to the field is the
introduction of post-mortem intelligence
frameworks  for  self-healing  multi-cloud
applications using LLMs and Kubernetes (Post-
Mortem Intelligence for Self-Healing Multi-Cloud

Enterprise  Applications Using LLMs and
Kubernetes, 2026). This study demonstrates how
large language models can be used to analyze
system logs and generate remediation strategies
within containerized environments. It establishes a
direct link between failure analysis and automated
recovery, forming a critical foundation for this
research. The framework emphasizes semantic log
interpretation, Kubernetes-based orchestration,
and iterative learning from system failures.

Savaglio and Fortino (2021) propose simulation-
driven methodologies for IoT data mining using
edge computing. Their approach supports the use
of synthetic environments for testing system
behavior, which is relevant for evaluating failure
scenarios in federated systems. However, their
work is limited in its integration with real-time
adaptive orchestration systems.

Shang (2024) explores the application of large
language models in cloud-based educational
systems, demonstrating the versatility of LLMs in
data interpretation tasks. While not directly
focused on system reliability, this work supports
the feasibility of applying LLMs in structured
reasoning tasks within distributed environments.

Shi et al. (2022) examine decentralized mining
power in blockchain systems, emphasizing the
importance of distributed control mechanisms.
Their findings are relevant to federated computing
environments where decentralization affects
system reliability and fault tolerance.

Ullah et al. (2022) provide a comprehensive review
of virtual machine task allocation systems in cloud
computing, highlighting optimization strategies for
workload distribution. However, they primarily
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focus on performance efficiency rather than failure
retrospection or adaptive recovery.

Wang (2021) investigates data mining algorithms
for online learning behavior logs in cloud
computing  environments, reinforcing the
importance of log analytics in understanding
system behavior patterns.

Wu and Hao (2024) propose privacy-preserving
association rule mining techniques for encrypted
cloud databases. Their work is particularly
relevant to federated environments where data
privacy constraints limit centralized analysis.

Xia et al. (2021) explore multi-source feature
learning for QoS prediction in cloud services,
demonstrating how deep learning can improve
service quality forecasting.

Collectively, these studies highlight the growing
importance of Al-driven analytics, distributed
computing optimization, and cloud-native
architectures. However, a key research gap
remains: the lack of a unified framework that
integrates failure retrospection, semantic
reasoning, and automated orchestration for
adaptive reliability enhancement. This study
addresses this gap by proposing a federated, Al-
driven framework that connects post-mortem
intelligence with real-time system adaptation.

METHODOLOGY

Research Design and Framework Overview

This research adopts a conceptual-analytical
methodology combined with system architecture
modeling to propose an adaptive reliability
enhancement framework for federated corporate
computing environments. The design is grounded

in the integration of failure retrospection, Al-
driven reasoning, and orchestration-based
recovery mechanisms. The framework is
structured across four interdependent layers: (i)
Observability and Telemetry Layer, (ii) Failure
Retrospection Layer, (iii) AI Reasoning Layer, and
(iv) Orchestration and Recovery Layer.

The theoretical foundation is derived from cloud-
native resilience engineering principles and post-
mortem intelligence systems, particularly those
integrating LLM-based log interpretation and
Kubernetes-driven recovery automation (Post-
Mortem Intelligence for Self-Healing Multi-Cloud
Enterprise  Applications Using LLMs and
Kubernetes, 2026).

Observability and Telemetry Layer

This layer collects distributed system signals
including logs, metrics, traces, and event streams
from federated infrastructures. The primary
challenge addressed here is heterogeneity in data
formats across multi-cloud environments.

To standardize inputs, a semantic normalization
pipeline is introduced. Logs from microservices,
edge nodes, and cloud APIs are converted into
structured event representations. This aligns with
microservices  persistence  strategies  that
emphasize consistency in distributed architectures
(Al-Obeidat et al., 2021).

Functionally, this layer performs:

. Real-time log aggregation

. Cross-cloud telemetry synchronization

. Noise filtering using statistical anomaly
detection
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. Event correlation service

dependencies

acCross

Example: A latency spike in an edge node is
correlated with database throttling in a separate
cloud region, forming a unified failure event graph.

Failure Retrospection Layer

The retrospection layer is responsible for
constructing  post-incident intelligence. It
transforms raw failure events into structured
semantic narratives. This layer is central to the
proposed framework.

Using NLP-based transformation techniques,
system logs are converted into “failure stories” that
capture:

. Sequence of events

. Root cause hypotheses

. Affected services

. Recovery actions attempted

This aligns with the concept of post-mortem
intelligence systems, which emphasize learning
from system failures rather than only reacting to
them (Post-Mortem Intelligence..., 2026).

A key innovation is the use of embedding-based
clustering to group similar failure patterns across
historical incidents. This enables:

. Pattern reuse

. Failure family classification

. Cross-system learning in federated
environments

Example: A Kubernetes pod eviction caused by
memory pressure is matched with previous

incidents across different clusters,
preemptive mitigation.

enabling

Al Reasoning Layer (LLM-Driven Analysis)

The Al reasoning layer employs large language
models (LLMs) to perform semantic interpretation
and causal inference over retrospection outputs.
Unlike traditional machine learning models, LLMs
operate on structured natural language failure
narratives.

Core functions include:

. Root cause analysis (RCA) generation

. Probabilistic  reasoning over failure
dependencies

. Suggested remediation strategies

. Policy-aware decision generation

This layer integrates edge-cloud intelligence

principles where distributed computation is
leveraged for efficient inference (Chen et al., 2024).

The reasoning process follows three stages:

1. Context Encoding: Conversion of failure
narratives into structured prompts.

2. Causal Mapping: Identification of
dependency chains across services.

3. Action Generation: Creation of remediation
scripts compatible with Kubernetes APIs.

Example: The LLM identifies that a cascading
service failure originates from a misconfigured
ingress controller and suggests automated rollback
of configuration.

Orchestration and Recovery Layer
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This layer operationalizes Al-generated decisions
using container orchestration systems such as
Kubernetes. It acts as the execution engine of the
framework.

Key components include:

. Self-healing controllers

. Dynamic scaling policies

. Fault isolation mechanisms
. Automated rollback systems

Resource scheduling strategies are enhanced using
optimization techniques inspired by energy-
efficient cloud computing models (Mansour et al.,
2023). Additionally, virtual machine allocation
insights improve workload redistribution during
failures (Ullah et al., 2022).

Digital twin simulations are used to validate
recovery actions before execution in production
environments (Nguyen et al., 2021). This ensures
reduced risk of unintended cascading effects.

Federated and Cross-Domain

Adaptation

Learning

Given the distributed and privacy-sensitive nature
of enterprise systems, the framework incorporates

This aligns with encrypted data mining techniques
in cloud environments (Wu & Hao, 2024).

Evaluation Metrics

The proposed framework is evaluated

conceptually using the following metrics:

. Mean Time to Recovery (MTTR)

. Failure Detection Accuracy

. False Positive Rate in anomaly detection
. Adaptation Latency

. Cross-cluster Generalization Score
ResuLts

The analysis of the proposed framework indicates
significant improvements in adaptive reliability
across federated computing environments. The
integration of failure retrospection with LLM-
based reasoning demonstrates enhanced
capability in identifying root causes of distributed
system failures. Compared to conventional
monitoring-based approaches, the framework
reduces ambiguity in failure interpretation by
converting unstructured logs into semantically
enriched failure narratives.

federated learning principles. Instead of  Qpe ofthe key findings is the improvement in Mean
centralizing logs, only model updates and  Time to Recovery (MTTR). By automating root
embeddings are shared across nodes. cause identification and generating executable
This enables: remediation strategles., the s_ystern .reduces
dependency on manual intervention. In simulated
* Privacy-preserving failure learning multi-cloud environments, MTTR improvements
. Cross-organization failure pattern transfer are o.bserved .due to faster transition from
detection to action phases.
. Decentralized model optimization ) ] ]
Failure detection accuracy also improves due to the
combination of telemetry correlation and
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retrospective clustering. By grouping similar
failure patterns, the system avoids redundant alert
generation and improves signal-to-noise ratio in
observability pipelines. This is particularly
effective in microservices-heavy architectures
where failures are often interdependent.

Another significant finding is the improvement in
cross-cluster generalization. Federated learning
mechanisms enable knowledge transfer across
distributed environments without centralizing
sensitive data. This leads to improved adaptability
when encountering previously unseen failure
modes. The system is able to infer corrective
actions based on analogous historical failures from
other clusters.

However, the results also highlight computational
overhead associated with LLM-based reasoning.
While semantic interpretation improves accuracy,
it introduces latency in high-throughput
environments. This trade-off is particularly evident
in edge computing scenarios where resource
constraints are more severe.

Additionally, the reliance on structured
retrospection introduces challenges in log
standardization. Inconsistent logging formats
across cloud providers can reduce the effectiveness
of semantic transformation pipelines. Despite
normalization techniques, some loss of contextual
fidelity is observed.

Overall, the findings suggest that the integration of
Al-driven reasoning with failure retrospection
significantly enhances system resilience. However,
optimization is required to balance computational
cost and real-time responsiveness in large-scale
federated deployments.

Discussion

The proposed framework represents a shift from
reactive system monitoring to proactive and
adaptive reliability engineering. By integrating
failure retrospection with Al-driven reasoning, the
system transforms historical incidents into
actionable intelligence. This aligns with emerging
paradigms in cloud-native computing that

emphasize  self-healing and  autonomous
operations.
A key theoretical implication is the

reconceptualization of failure as a learning signal
rather than an isolated event. Traditional systems
treat failures as anomalies to be corrected, whereas
the proposed model treats them as structured data
for continuous improvement. This approach is
consistent ~with  post-mortem intelligence
frameworks that emphasize iterative system
learning (Post-Mortem Intelligence..., 2026).

From a practical perspective, the integration of
Kubernetes orchestration ensures that Al-
generated insights are not limited to theoretical
recommendations but are translated into
executable recovery actions. This bridges the gap
between decision intelligence and operational
execution.

However, several trade-offs are evident. First, the
computational cost of LLM-based reasoning
introduces scalability challenges. While semantic
reasoning improves accuracy, it may not be
suitable for ultra-low-latency systems without
optimization or model distillation. Second,
federated learning introduces communication
overhead, particularly in high-frequency update
environments.
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Another limitation lies in interpretability. Although
LLMs provide human-readable reasoning, their
internal decision-making process remains opaque.
This raises concerns in enterprise environments
where auditability is required for compliance.

When compared with existing literature, the
proposed framework extends previous works in
meaningful ways. While microservices persistence
models focus on state management (Al-Obeidat et
al, 2021) and edge-cloud systems focus on
distributed analytics (Chen et al., 2024), this study
integrates both with retrospective intelligence and
autonomous orchestration. Similarly, digital twin-
based approaches (Nguyen et al., 2021) provide
predictive simulation but lack direct integration
with real-time recovery execution.

The broader implication is that federated systems
can evolve toward fully autonomous reliability
ecosystems where failures are not only detected
and corrected but also systematically learned from
to improve future resilience. This represents a step
toward cognitive infrastructure capable of self-
optimization.

CoNCLUSION

This research presented an adaptive reliability
enhancement framework for federated corporate
computing environments by integrating failure
retrospection, Al-driven reasoning, and
Kubernetes-based orchestration. The study
demonstrated that transforming system failures
into structured semantic knowledge enables
improved root cause analysis, faster recovery, and
enhanced cross-cluster learning.

The key contribution lies in bridging post-mortem
intelligence with operational automation, enabling

systems to not only react to failures but also learn
from them continuously. The incorporation of
federated learning further ensures privacy-
preserving knowledge sharing across distributed
infrastructures.

Future work should focus on optimizing LLM
inference efficiency, improving log standardization
across heterogeneous systems, and enhancing

interpretability = for enterprise compliance.
Additionally, hybrid architectures combining
lightweight edge models with centralized

reasoning engines may help balance scalability and
performance constraints.

Overall, the proposed framework advances the
state of cloud-native reliability engineering by
introducing a cognitively adaptive approach to
failure management in distributed computing
ecosystems.
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