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Abstract

Cloud-native computing has completely overhauled the software design and operation of today's software systems, and has
enabled organizations to deploy scalable applications using distributed microservices, containers, and orchestration platforms
like Kubernetes. These architectures deliver agility and scalability, but also produce vast amounts of diverse log data that are
difficult for traditional monitoring and observability solutions to handle. The traditional log analysis methods, such as
keyword matching, rule-based filtering, and statistical anomaly detection, are unable to capture the contextual relationships
between the complex operational events, which leads to delayed fault diagnosis, too many false alarms, and higher operation
burden. The introduction of Large Language Models (LLMs) has opened the door to new ways of using cloud log analysis,
such as natural language understanding, contextual reasoning, and semantic interpretation, to help engineers better identify
operational problems quickly.

In this paper, we explore how LLM models can be used in three essential cloud log analysis tasks: failure signal detection,
anomaly explanation, and cloud incident summarization. The paper does not offer a benchmark comparison of different
models but rather consolidates applied engineering methodologies to enable a successful integration of LLMs within cloud
observability workflows. Special focus is placed on how to prompt engineers to work with log-centric inputs, how to manage
high-cardinality log repositories with Retrieval-Augmented Generation (RAG), and deployment considerations, including
latency, computational cost, scaling, and operational governance.

Keywords: Large Language Models; Cloud Observability; Log Analysis; Incident Response; Retrieval-Augmented
Generation (RAG); AlOps; Cloud Operations.

l. INTRODUCTION logs of application activity, infrastructure events, security
activity, and interactions with the system. Structured,

» Background

Cloud-native computing has drastically changed
enterprise software development and operations. These are
deployed in modern application architectures as a
distributed microservices architecture running inside
containers and orchestrated by a platform like Kubernetes,
which allows organizations to guarantee elasticity, fault-
tolerance, continuous deployment and efficient utilization
of resources (Vangoor, 2022). While these architectural
innovations have enabled digital transformation at an
unprecedented pace, they have also made operations more
complex as a result of the proliferation of diverse telemetry
data produced by various devices and sources across
remote computing infrastructures.

Operational logs are one of the most comprehensive
sources of runtime information, as they provide detailed

semi-structured, and unstructured application service,
container  runtime,  orchestration  platform, app
middleware, database, and network infrastructure logs are
generated continuously by cloud-native applications. Logs
grow in volume, velocity, and diversity as the systems
scale horizontally, making it challenging for the
operational teams to keep the system reliable and service
available (Cheng et al., 2023).

Finding operational anomalies is usually done
through keyword searches, manually defined alert rules,
statistical thresholds, clustering techniques, and signature-
based detection methods, which are used in traditional log
analysis pipelines. These methods work well in situations
where the failure pattern is well known, but often fall short
in understanding complex interactions between distributed
services, relating related events across multiple
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components, and explaining previously unknown failure
behaviors (Guntupalli, 2022). As a result, engineers have
to dedicate significant time to manually investigate alerts,
and correlate logs from various sources and recreate
incident timelines before arriving at root causes of failures.

» Motivation

Traditional log analysis tools are found to have some
drawbacks due to the growing sizes and dynamic nature of
cloud native environments. Today the production systems
create millions of logs per day with many repetitive, noisy,
or context-dependent log entries. Single log messages may
contain a limited amount of data and only some of the
information is useful for deriving meaningful conclusions,
which necessitates that the engineer needs to correlate
events across multiple services, over multiple time
dimensions, and through various infrastructure layers
(Ramakrishna, 2022).

There is also a need for ongoing maintenance of rule-
based monitoring systems to ensure applications are
monitored  over time.  Frequently, deployment
architectures, software versions, logging formats, and
infrastructure configurations change, leading to an
invalidation of existing detection rules, costlier
maintenance tasks, and less effective analysis (Karri &
Jangam, 2021). Additionally, statistical anomaly detection
can possibly detect anomalies, but it will not give adequate
explanation of why an anomaly occurs or how an
individual event fits into the pattern of a system-wide
anomaly. As a result of this lack of contextual reasoning,
Mean Time to Diagnosis is higher and additional cognitive
burden is placed on a site reliability engineer and cloud
operations team.

The increasing adoption of DevOps, continuous
integration and continuous deployment (CI/CD), and
autonomous cloud operations creates a greater need for
intelligent analysis tools that will be able to understand
context of operations, rather than just isolated anomalies.
In recent years, Al and especially LLMs have gained
traction as a solution to improve the cloud observability
space by leveraging semantic reasoning, automated
explanation, and natural language interaction
(Suryadevara, 2022; Pedersen, 2022).

» Why Large Language Models

In addition to traditional machine learning methods,
LLM-powered tools offer the ability to leverage natural
language understanding and reasoning within a given
context across various information sources. In contrast to
the traditional anomaly detection models, which focus
mainly on the statistical content of events, LLMs can
understand the semantic meaning of log messages,
discover the relationships between these events, and
provide coherent explanations that can help engineers
during the incident investigation process (Shethiya, 2023).

They are able to reason across multiple log entries
and provide effective synthesis of operational evidence
provided by applications, infrastructure services,
databases, networking components and orchestration

platforms. With the addition of Retrieval-Augmented
Generation (RAG), LLM can also use relevant historical
logs, operational documentation, incident reports, and
knowledge bases to support their responses, further
grounding their content for factual consistency while
mitigating risks of hallucination (Xing et al., 2023).

Recent research has further shown that LLM
technology is increasingly being applied to software
engineering tasks such as exploratory testing,
conversational ~ software  development, intelligent
workflow automation, cybersecurity reasoning, and
operational decision support, lending credence to the
potential of applying similar capabilities to cloud log
analysis and observability workflows (Vankayala, 2023;
Ross et al., 2023; Tann et al. 2023).

» Scope of This Paper

In this paper, we showcase an applied review of
engineering methods to integrate LLMs with cloud log
analysis. In contrast to an objective comparison of the
performance of competing language models, the
discussion focuses on practical deployment strategies that
can help make a production observability environment.
More specifically, this paper concentrates on three
operational tasks directly related to the management of
incidents that are also of great importance: failure signal
detection, anomaly  explanation, and incident
summarization. It also explores prompt engineering
techniques, Retrieval-Augmented Generation (RAG)
architectures, and the engineering challenges of scaling,
latency, operational cost, and deplorability to offer
practical advice to practitioners considering LLM
adoption in cloud observability.

» Research Gap

There are several key challenges that stand out in
existing research on LLMs for software engineering and
the other areas of potential application mentioned:
operational analytics, intelligent automation, software
engineering, and conversational systems. Existing studies
focus on the achievement of a specific accuracy for a
benchmark or prototype architectures with minimal
attention to deployment issues in the production cloud
environment (Yuvaraj, 2022; Cheng et al., 2023).

To overcome these limitations, this paper brings
together applied engineering knowledge from the fields of
cloud observability, software engineering, prompt
engineering, Al-assisted operations, and operational
governance, to offer a holistic view of LLMs for cloud log
analysis from a practitioner perspective.

» Contributions
The main contributions of this paper are as follows:

e It explores ongoing LLM applications for log
processing in the cloud, highlighting their use in
identifying patterns of failures, explaining anomalies
and summarizing incidents.
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e Combines prompt engineering techniques to enhance
the performance of LLMs when handling large
amounts of structured and semi-structured operational
logs.

o High cardinality cloud log repositories require context-
aware analysis will explore how to achieve this using a
scalable approach called Retrieval-Augmented
Generation (RAG).

e It analyzes important engineering considerations for
the deployment of LLM-based observability systems
such as latency, computational cost, scalability,
governance, reliability, and operational risk.

e |t presents engineering recommendations for practical
use and outlines future research areas to make the
practical use of LLM more trustworthy, efficient, and
production-ready for use within modern cloud
observability platforms.

1. INTRODUCTION TO CLOUD LOG
ANALYSIS

» Characteristics of Cloud Logs

In cloud-native environments, the vast array of
operational logs that are created and continuously growing
are a major source of observability data. While much like
traditional monolithic systems, most modern cloud
architectures are distributed, incorporate microservices,
containerized workloads, orchestration platforms, and
application programming interfaces (APIs), message
brokers, and infrastructure services, all of which generate
huge amounts of telemetry data. These logs contain
information about application events, infrastructure
operations, security events, performance metrics, and user
interactions, which is wvital for  monitoring,
troubleshooting, and incident response efforts (Cheng et
al., 2023).

Cloud logs can be structured, semi-structured or
unstructured. Structured logs have pre-defined schemas
and are usually encoded in JSON which makes them easier
to index and analyze automatically. The information in
semi-structured logs is partly structured with some
elements of free text, and unstructured logs can be
messages in human-readable format generated by an
application or system process. The simultaneous presence
of these formats complicates the analytics because the
information needs often involve correlating data from
different logging sources and data formats (Yoo et al.,
2022).

Kubernetes, container orchestration frameworks and
microservice based applications have added to the
complexity of logging. The complexity of logging is
further increasing due to the use of Kubernetes, container
orchestration frameworks, and microservice-based
applications. Each individual user transaction could
require traversing dozens of distributed services and each
service could create its own independent log streams,
which have to be interpreted together to build up the
system behavior. With the increasing complexity and

interdependence of distributed components of large scale
cloud infrastructures, cloud lifecycle management is
becoming increasingly sophisticated as noted by Vangoor
(2022). As a result, cloud operations teams are presented
with significant challenges trying to find causal
relationships among thousands of seemingly unrelated
events.

In addition the dynamic nature of these environments
makes pattern recognition more challenging, and the need
to keep static monitoring rules up-to-date becomes more
complex (Ramakrishna, 2022). A study on Al-enabling
cloud monitoring also underscores the need for
increasingly intelligent analytics to provide meaningful
operational context from ever more complex telemetry
environments (Pedersen, 2022).

Log analysis has more meaning than infrastructure
monitoring. Operational logs play a crucial role in security
and compliance monitoring systems, helping to identify
unauthorized activities, enforce policy, and conduct
regulatory audits (Karri & Jangam, 2021). Similarly, in big
data systems, exception handling mechanisms rely heavily
on proper log analysis to detect exceptions and ensure
system continuity (Guntupalli, 2022).

» Traditional Log Analysis Pipeline

To understand the role of Large Language Models
(LLMs) in cloud observability, it is essential to understand
the traditional log processing workflow first. It is crucial
to grasp the traditional log processing workflow before
exploring how Large Language Models (LLMs) can
revolutionize cloud observability. A common, traditional
approach to cloud log analysis is sequential with logs
being pulled from distributed services, consolidated in
central logs, stored in an index format for efficient
retrieval, analyzed with hard-coded rules or statistical
models, and then converted to alerts for the human team to
investigate. This pipeline has been the basis for cloud
operations for a long time and continues to be widely used
in enterprise environments (Martinez & Richardson,
2019).

Fig 1 shows a generic, standard cloud log analytics

workflow typically employed by cloud operations and
observability platforms.
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A typical workflow for collecting, processing, analyzing, and responding to logs in cloud environments
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Fig 1 Traditional Cloud Log Analytics Pipeline

Source: Adapted from cloud observability workflows discussed by Martinez and Richardson (2019), Vangoor (2022),
Cheng et al. (2023), and Ramakrishna (2022).

A structured way to manage cloud telemetry is the
traditional pipeline. With centralized aggregation you can
see what is happening across the distributed systems, with
indexing you can get the logs easier, and with analytics
based on rules you can easily detect known operational
conditions like resource exhaustion, service outages, or
security violations. Other statistical methods help in
detecting anomalies by looking out for any abnormal
behavior in statistics compared to historical data.

» Challenges

There are a number of problems with traditional log
analytics in today's cloud environment. First, there are a
lot of telemetry generated in cloud platforms, and manual
analysis is not possible or will result in increasing
dependence on automation to filter out of them and retain
the analytical accuracy (Vangoor, 2022).

Second, there is the issues of contextual ambiguity.
Log messages are often not detailed enough to understand
a complex failure, as such, engineers are required to
correlate the different events across distributed services to
get to the root cause of the failure. In microservices, for
example, Al-powered workflow research highlights the
need for contextual reasoning in making decisions during
operations (Yuvaraj, 2022).

Third, rule-based systems need to be maintained on
an on-going basis with the changing applications,
infrastructure and deployment practices. With dynamic
cloud environments, static detection techniques become
harder to maintain, thereby driving the need for more
adaptive analytical techniques (Shethiya, 2023; Xing et al.,
2023).

To summarize the strengths and limitations of
conventional approaches, Table 1 compares commonly
used cloud log analysis techniques.
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Table 1 Comparison of Traditional Cloud Log Analysis Techniques

Technique Strengths Weaknesses Suitable Scenario
Rule-Based Fast, interpretable, easy to High maintenance Known operational failures
Filtering implement requirements, poor adaptability
Statistical Effective for threshold violations Limited contextual Resource monitoring and
Detection and trend analysis understanding performance tracking

Machine Learning
Anomaly Detection

Identifies hidden patterns and
deviations

Explainability challenges,
training requirements

Large-scale telemetry
environments

Clustering Groups related events Sensitive to feature quality and Event categorization and
Techniques automatically parameter selection log reduction
Graph-Based Captures relationships among Computational complexity and | Root-cause investigation in
Correlation distributed components implementation overhead distributed systems

Source: Synthesized from Guntupalli (2022), Cheng et al. (2023), Yoo et al. (2022), EI Mhouti et al. (2019), and
Ramakrishna (2022).

Table 1 shows that while traditional techniques
remain valuable for cloud observability, each presents
important limitations. Rule-based methods perform well
for known failures but adapt poorly to emerging issues,
whereas statistical and machine learning approaches
improve anomaly detection without consistently providing
contextual explanations. Graph based techniques enhance
event correlation but require greater computational
resources.

1. LLM APPLICATIONS IN CLOUD LOG
ANALYSIS

The introduction of Large Language Models (LLMs)
into cloud observability has revolutionized log analytics
from a rule-based approach to semantic understanding and
contextual reasoning. Unlike the traditional methods based
on fixed thresholds, LLMs can analyze log messages,
understand the connections between multiple distributed
events, and provide valuable operational insights. These
features come in handy when dealing with a
microservices-based  architecture, Kubernetes, and
dynamic environments that generate logs of varying types
(Cheng et al., 2023).

The recent developments in Al-assisted software
engineering illustrate how LLMs can effectively handle
tasks like reasoning, documentation, and conversational
interaction, which are relevant to cloud operations. They
are not meant to be a substitute for the existing monitoring
systems, but they are meant to be used in conjunction with
them to provide a more contextual interpretation and
human-readable explanations. Therefore, they are
primarily applied in failure signal detection, anomaly
explanation and incident summarization (Ross et al., 2023;
Shethiya, 2023).

» Failure Signal Detection

One of the most useful applications of LLMs in the
field of cloud observability is failure signal detection.
Traditional monitoring methods are based on thresholds
and statistics, which may lead to false positives and fail to
detect connections between dispersed events (Vangoor,
2022). LLMs, on the other hand, deal with log messages,
stack traces, infrastructure events, and service interactions,
and are able to differentiate isolated events from failure
patterns that are coordinated (Suryadevara, 2022).

This is a very useful feature in DevOps environments
where changes in the working conditions of failure can be
introduced every time the application is deployed.
Application logs, deployment histories, configuration
changes, and historical incidents can be integrated with
LLM to enhance the prioritization of alerts and streamline
log correlation efforts (Suryadevara, 2022; Vangoor,
2022).

The use of LLMs for failure detection, anomaly
explanation, and incident summarization is shown in Fig
2, which illustrates how it can be integrated with
traditional observability and detection techniques, such as
preprocessing, semantic  retrieval, and  prompt
construction.
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Fig 2 Conceptual Architecture of LLM-Augmented Cloud Log Analysis
Source: Developed by the authors based on Cheng et al. (2023), White et al. (2023), Xing et al. (2023), Shethiya (2023), and
Ross et al. (2023).

Prompt engineering also enhances failure detection
by creating structured prompts that have clear analytical
goals. Good prompts yield more consistent performance
and poor prompts vyield less quality of reasoning
(Zamfirescu-Pereira et al., 2023; White et al., 2023).
Likewise, Al-native infrastructures enable the process of
prompt management and contextual retrieval to enhance
their deployment reliability and scalability (Xing et al.,
2023; Shethiya, 2023).

LLMs should thus be used in conjunction with, and
not in place of, traditional monitoring. The union of
statistical detection and semantic reasoning can yield more
reliable and interpretable operational analysis, enhance the
engineer's capacity to diagnose complex failures, and
potentially yield various other benefits (Ramakrishna,
2022).

» Anomaly Explanation

One of the biggest challenges in cloud observability
is that it is hard to detect the anomaly without being able
to give the reason. To overcome this challenge, LLM
provide natural language explanations that describe the
potential failure mechanisms, decreasing the amount of
time spent on manual investigation (Cheng et al., 2023;
Ross et al., 2023).

These explanations can be enhanced by providing
historical logs, documentation, and incident records from
the Retrieval-Augmented Generation (RAG) system.
Factual consistency and hallucinations are mitigated with
grounding model responses in the organization's
knowledge (Xing et al., 2023).

The use of structured prompt templates also aids in
enhancing the quality of the explanations by prompting
models to find causal relationships and summarize
supporting evidence (White et al., 2023). Yet, the process
of effective prompting is not straightforward and demands
careful design because of the impact of using ambiguous
instructions on the reliability of the analysis (Zamfirescu-
Pereira et al., 2023). While LLM-generated explanations
might help engineering teams communicate more
effectively, they should not supplant expert validation, but
rather be used as a tool to guide it (Ross et al., 2023;
Harrer, 2023).

> Incident Summarization

Incident summarization is among the most mature
applications of LLMs in cloud operations. The ability of
LLMs to synthesize vast amounts of log data into human-
readable incident reports enhances the operational
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awareness, streamlines manual log documentation, and
aids in post-incident analyses (Shethiya, 2023).

These summaries help to share knowledge in real
time during incidents and enhance organizations learning
after service restoration. Their quality can also be
enhanced by the use of combined runtime logs and

deployment histories, configuration changes and historical
incident records (Yuvaraj, 2022; Pedersen, 2022). Table 2
highlights that LLMs can contribute to complementing
operational tasks such as early failure detection, anomaly
explanation and incident summarization, enhancing the
overall incident management process.

Table 2 LLM Applications across Cloud Log Analysis Tasks

Cloud Log
Analysis Task

Primary Input

Typical LLM Output

Engineering Benefit

Failure Signal | Runtime logs, error messages,

Prioritized failure indicators

Earlier identification of operational

documentation

Detection infrastructure events and contextual alert issues and reduced alert fatigue
interpretation
Anomaly Correlated application logs, Human-readable explanations Faster diagnosis, improved root-
Explanation historical incidents, retrieved of abnormal system behavior cause investigation, enhanced

operational understanding

Incident Multi-source logs, deployment
Summarization | history, operational timelines

Concise incident reports,
timelines, remediation
summaries

Improved communication, post-
incident analysis, knowledge
retention, and shift handover

Source: Synthesized from Suryadevara (2022), Cheng et al. (2023), White et al. (2023), Xing et al. (2023), Shethiya (2023),
and Ross et al. (2023).

Even with these benefits, there are latency,
operational cost and data security considerations that must
be carefully managed when implementing production
deployment. This is reliant upon the use of Retrieval-
Augmented Generation, secure preprocessing, prompt
standardization, and human oversight to make informed
operational decisions (Karri & Jangam, 2021).

In summary, LLMs complement existing
observability systems, offering the ability to provide
context and explanations to cloud incidents that are
understandable to humans. The next section covers
engineering tools that enable the reliable deployment of
production.

V. ENGINEERING TECHNIQUES FOR
PRACTICAL ADOPTION

Beyond the capabilities of the underlying models, the
deployment, integration, and operational management of
Large Language Models (LLMs) in cloud logging
environments are also crucial for their successful adoption.
Despite recent progress in using LLMs to aid in failure
detection, anomaly explanation, and incident
summarization, there are practical issues to consider when
deploying the models into production, such as prompt
construction, contextual grounding, efficiency, latency,
scalability, and operational governance. As a result,
organizations looking to incorporate LLMs in cloud
observability needs to create engineering frameworks that
meet a compromise between analytical performance,
reliability, cost-effectiveness, and maintainability. In this
section, the main engineering principles that enable
successful LLM use in cloud log analysis are explored.

> Prompt Engineering

Prompt engineering is one of the most significant
determinants of the quality and reliability of using LLM
for cloud log analysis. Unlike traditional software

programs that run through steps, LLMs produce answers
based on the context and instructions in the prompt.
Timely quality, therefore, is directly related to the
accuracy of the analysis, the consistency of the reasoning
and the reliability of the operational recommendations
(White et al., 2023).

Cloud log analysis is a particularly complex prompt
engineering problem due to the distributed nature of the
applications, infrastructure, connecting services, security
platforms and orchestration solutions that produce
operational logs. If the raw logs are not organized
correctly, they can often be extremely overwhelming for
the model to process, resulting in lower quality responses.
The key to effective prompts is log structure, and that
means breaking logs into logical context, such as system
events, timestamps, target services, severity levels and
operational goals, for analysis. This structured
representation allows the model to reason about the
pertinent operational evidence, whilst reducing the amount
of distraction due to noisy or repetitive log entries.

Prompt templates also increase consistency by
providing clear guidelines for what to write in the analysis.
Production systems do not generally ask general questions
like “Explain these logs”, but are more likely to have
specific goals that include identifying likely failure
indicators, describing causal relationships, summarizing
impacted services, estimating operational impacts, and
highlighting the supporting evidence. White et al. (2023)
have shown that "prompts” can be reused to significantly
boost consistency of responses to software engineering
tasks, and Xing et al. (2023) highlighted that standardized
prompt management is a key aspect of Al-native
engineering infrastructures.

User skills play a role in the effectiveness of prompt
engineering. Zamfirescu-Pereira et al. (2023) discovered
that non-specialist users often make prompts that
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inadvertently lead to ambiguous questions, lack contextual
information, or ask for tasks that are out of the scope of the
model's reasoning. Therefore, in the realm of cloud
observability, it is important for organizations to create
standardized prompt libraries, reusable operational
templates and validation processes to ensure that the
analytics results are consistent across the engineering
teams.

» Retrieval-Augmented Generation (RAG)

While these LLMs have a vast amount of knowledge
that they are pre-trained with, they are not likely to know
about your company's infrastructure, historical events,
processes, or constantly changing cloud environments. To
overcome this, the concept of Retrieval-Augmented
Generation (RAG) is introduced, which involves fetching
relevant organizational knowledge and using it to produce
responses. To achieve contextually informative analyses,

RAG integrates semantic retrieval and language
generation, as well as relying on model parameters. In
addition to relying on model parameters, RAG also
harnesses the power of semantic retrieval and language
generation to deliver contextually informed analyses
(Xing et al., 2023)

In cloud log analysis, the first step is usually to
transform their operational logs, incident reports, system
docs, architectural diagrams and runbooks into a vector
embedding that is stored in a specialized database. In
inference, semantic retrieval algorithms will be used to
find the most relevant documents to the problem at hand
and feed that context into the LLM prompt. So the
resulting responses are not just based on generic pre-
trained information, but also on the organization's
knowledge. The overall engineering process for building
Retrieval-Augmented Generation is shown in Fig 3.
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Fig 3 Retrieval-Augmented Generation Workflow for Cloud Log Analysis

Source: Developed by the authors based on Xing et al. (2023), Cheng et al. (2023), White et al. (2023), and Ross et al.

As illustrated in Fig 3, RAG also adds an additional
layer of knowledge retrieval between the raw logs from the
cloud service and the LLM's inference. The model is fed
with carefully selected contextual evidence, as opposed to
taking in logs as an unfiltered stream, thus increasing the
quality of factual consistency, the risk of hallucination is
reduced, and the relevance of the analysis is enhanced.
This kind of architecture is especially significant in the
context of cloud observability, where the infrastructure is
constantly evolving, deployment history is dynamic, and
operational documentation is in constant flux, and
reasoning systems must have access to the latest
organizational knowledge.

» Cost Latency Trade-offs

Although LLMs can greatly enhance the reasoning
ability of a text-to-text generative model through their
context, there are trade-offs to consider when deploying
this kind of model, such as computational cost, inference
latency, scalability, and operational efficiency. For many

(2023).

organizations, the economic viability of continuous stream
of high-volume telemetry for analyzing data in cloud
observability platforms is prohibitively expensive if they
were to make an unlimited number of inferences using
LLM. Therefore, there is a need for engineering decisions
to be made that take into account both the sophistication
of the analysis and the use of the resources.

The larger proprietary models typically deliver better
reasoning abilities and are more resource-intensive, with
higher inference costs. Smaller open-source models, on the
other hand, have lower reasoning performance for very
complex analytical tasks, but lower operational costs.
Hybrid deployments thus increasingly forward lightweight
models for common analytical tasks and use larger models
for more sophisticated reasoning tasks. This workload
optimisation can achieve better cost efficiency while
maintaining good operational effectiveness (Pedersen,
2022).
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Additionally, latency can impact deployment
choices. For active production incidents, engineers need
quick responses that can help them make immediate
production decisions. When inference delays are too large,
accurate analyses might not be very practical. As a result,
intelligent caching strategies, early optimization, semantic

retrieval, and batch processing asynchronously come into
play as key engineering mechanisms to achieve good
responsiveness  with  low infrastructure  costs
(Ramakrishna, 2022). The principal engineering
challenges for deployment of LLM are reviewed in Table
3.

Table 3 Engineering Trade-offs Between Classical Analytics, Standalone LLMs, and RAG-Enhanced LLM Systems

Engineering Aspect

Classical Analytics

Standalone LLM

RAG-Enhanced LLM

Operational Cost Low High Moderate
Inference Latency Very Low Moderate to High Moderate
Context Awareness Limited Moderate High
Explainability Limited High High with Evidence
Scalability High Moderate High with Retrieval Optimization

Maintenance

Rule Updates Required

Prompt Maintenance

Prompt and Knowledge Base Maintenance

Source: Synthesized from Ramakrishna (2022), Pedersen (2022), Cheng et al. (2023), Shethiya (2023), and Xing et al.

(2023).

As shown in Table 3, none of the analytical methods
is consistently the best option across all. While traditional
analytics still offer quick and cheap monitoring for
deterministic use cases, standalone LLMs offer more
nuanced context-aware analysis at higher computational
expense. RAG-enhanced architectures strike a balance
between the two, providing both semantic reasoning and
evidence-based retrieval, thus enhancing the quality of the
analysis without sacrificing complexity of the operation. It
appears that hybrid observability architectures will be the
most realistic approach to deploy observability across
enterprise cloud environments.

» Practical Engineering Recommendations

To get the most value from the LLM-augmented
cloud log analysis, it is essential to implement it gradually
and with engineering oversight, instead of replacing all
observability platforms. The initial phase of implementing
LLM is to identify and utilize them in low-risk, high-value
use cases like incident summary, operational
documentation, and so on, and then to the higher-risk use
cases like failure detection and anomaly explanation. By
taking an incremental approach, engineering teams can
assess model performance, implement governance
processes, and fine-tune prompt libraries before
incorporating the LLMs into their critical workflows.

Organizations should also further standardize prompt
templates, ensure that model outputs are grounded in
organizational knowledge by using Retrieval-Augmented
Generation, and have human oversight for operational
decisions regarding service availability or security. The
effectiveness of the prompt, retrieval quality, inference
latency, and operational costs should be continuously
assessed and embedded into governance of cloud
observability. The recommendations generated by the Al
model should work in conjunction with deterministic
monitoring, and not in place of it—in other words,
statistical sound with contextual reasoning.

Lastly, the engineering teams need to create a
continuous monitoring system for the performance of the
models, the speed of versioning, the retrieval accuracy,
and operational feedback. These represent broader trends

in autonomous cloud operations, Al assisted lifecycle
management, intelligent workflow continuity and secure
software engineering infrastructures, which make LLM
deployment even more viable in the constantly changing
cloud environments (Suryadevara, 2022; Vangoor, 2022;
Yuvaraj, 2022).

V. OPERATIONAL CHALLENGES AND
OPEN RESEARCH PROBLEMS

While Large Language Models (LLMs) hold great
promise for cloud log analysis, there are challenges to
consider, including grounding, version control, cost
management, security, and long-term reliability. To
achieve reliable, scalable, and sustainable LLM-supported
cloud observability, it is crucial to tackle these challenges.

» Grounding

Grounding is still a significant problem since the
LLM produces answers based on learnt patterns and not
operational facts. They can generate incorrect perceptions
without adequate information and context, which can slow
down incident response (Harrer, 2023).

During inference, Retrieval-Augmented Generation
(RAG) provides logs, documentation, runbooks and
historical incidents from the organization to help with
grounding and limit hallucinations and inconsistencies
with facts (Xing et al., 2023). However, its effectiveness
depends on retrieval quality. Production systems should,
therefore, enable evidence-based responses, referencing
retrieved logs as well as differentiate observations from
inferred conclusions.

» Versioning

In a cloud-native world, things are constantly
changing, whether in the form of software deployments,
infrastructure changes, or new logging schemas, and
prompts, retrieval indexes and knowledge repositories
need to keep up (Vangoor, 2022).

Because small changes in prompts can have a large
impact on the model output (White et al., 2023), there is a
need for prompt versioning. Similarly, model
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enhancements need to be put through a structured
validation process to provide a consistency of reasoning,
security, and integration with the operational workflow.

» Cost Governance

However, the deployment of LLM introduces
recurring costs of inference, APIs, tokens used, retrieval
infrastructure, which makes cost governance as one of the
critical aspect for enterprise observability (Pedersen,
2022).

Semantic retrieval, response caching, and intelligent
routing (sending routine tasks to light models and more
complex tasks to large models) can help organizations
lower operational costs. Efficient and sustainable
deployment are further supported by continuous
monitoring of latency, token usage and resource utilization
(Ramakrishna, 2022).
> Security and Privacy

Cloud logs serve as sources of sensitive operational
data and security and privacy is of paramount importance
for LLM adoption (Karri & Jangam, 2021). If
organizations are considering using operational data in
LLM workflows, they should first consider implementing
log sanitization, anonymization, access control, and secure
retrieval mechanisms.

Another threat to security is prompt injection and
adversarial log manipulation. Thus, to enhance the
trustworthiness (Tann et al., 2023), input validation,
retrieval verification and continuous monitoring should be
embedded in the production deployment.

» Future Research Directions

We recommend future work to consider combining
logs, metrics, traces, deployment histories, and
configuration data to provide multimodal observability to
better diagnose failures. A further interesting avenue is
embedding LLMs with self-contained remediation agents
with the ability to perform a set of validated operational
actions without human intervention (Suryadevara, 2022).

Additionally, research needs to be conducted to
leverage domain-specific LLMs for cloud observability to
lower latency, deployment cost, and still maintain cloud
analytics. Last, but not least, the future evaluation
framework must not only measure the accuracy of the
benchmark but also include metrics for explainability,
grounding, operational reliability, governance, user trust,
and cost efficiency, allowing for more realistic assessment
of the readiness of LLMs for use in enterprise cloud
operations.

VI. CONCLUSIONS AND FUTURE WORK

Cloud-native computing has changed the way
enterprise information systems are operated in the real
world, and is now enabling new capabilities while also
making cloud observability more complex. Operational
logs coming from distributed microservices, continuously
changing infrastructure, containerized applications, etc.
are typically huge amounts of logs that are heterogeneous,

and are difficult to analyze using traditional rule-based and
statistical monitoring methods. In this paper, we explore
how LLMs can overcome these limitations by leveraging
their ability to reason semantically, understand context,
and respond to natural language queries in the context of
cloud log analysis. Instead of focusing on benchmark
results, the discussion drew together some of the more
pragmatic engineering practices that enable the effective
embedding of LLMs in production observability
workflows. The analysis revealed that the LLM could be
highly beneficial in three main operational tasks: failure
signal detection, anomaly explanation and incident
summarization, which enable the engineer to better
understand complex operational evidence, lower cognitive
load and speed up incident response (Cheng et al., 2023;
Ross et al., 2023).

The review also confirmed engineering practices
must be used in order to be successful, not just model
capability. The reliability and trustworthiness of
observability systems enhanced by LLMs depends on
several factors: prompt engineering, Retrieval-Augmented
Generation (RAG), standardized operational workflows,
and human-centered governance. Structured prompt
design enhances the analytical consistency (White et al.,
2023), and retrieval-based grounding further supports the
factual accuracy by adding to model reasoning with
organization knowledge (Xing et al., 2023). In the same
way, intelligent infrastructure management, Al support in
the execution of workflow continuity, cloud performance
optimization, and autonomous DevOps practices are all
good examples of how LLMs should augment rather than
supplant deterministic monitoring systems (Suryadevara,
2022; Vangoor, 2022; Yuvaraj, 2022; Ramakrishna,
2022). This is an integrated view that dovetails with the
general evolution of intelligent software engineering,
which balances human expertise with accountability for
the operations (Shethiya, 2023; Ross et al., 2023).

In spite of all of these promising changes, a number
of factors have an impact on production adoption.
Potential risks of hallucination, lack of foundation,
changing log schemas, prompt maintenance, operational
cost, security, privacy protection, and governance are still
important issues to address for the enterprise deployment
of trustworthy logs (Harrer, 2023; Karri & Jangam, 2021).
Previous studies have also demonstrated that systematic
engineering practices are needed for the successful
construction of prompts, as ambiguous prompts often lead
to less reliable analysis, especially for users with less
experience in Al (Zamfirescu-Pereira et al., 2023).
Additionally, the context of inference latency, cost,
scalability, and explainability needs to be taken into
account when incorporating LLMs into operational
settings. Thus, the most practical way to sustainable cloud
observability is hybrid architectures which are
deterministic monitoring, semantic retrieval, contextual
reasoning, and human oversight (Pedersen, 2022; Cheng
et al., 2023).

100



[1].

2.

[3].

[4].

[5]

[6].

[7].

[8].

[a].

[10].

REFERENCES

Suryadevara, S. S. K. (2022). LLM-Based Auto-

Remediation Model for DevOps Pipeline
Failures. International  Journal of Artificial
Intelligence, Data Science, and Machine

Learning, 3(3), 163-176. https://doi.org/
10.63282/3050-9262.1JAIDSML-V313P117
Vangoor, V. K. R. (2022). Autonomous DevOps
Infrastructure: Al-Driven Lifecycle Management of
Large Scale Linux Server Ecosystems. Journal of
Management and  Science, 12(4), 156-163.
https://doi.org/10.26524/jms.12.83

Pedersen, K. L. (2022). A Cloud-Native Al and
LLM Platform for Secure Banking and Digital Ad
Auctions with Quantum-Driven Predictive Business
Analytics. International Journal of Research
Publications in Engineering, Technology and
Management (IJRPETM), 5(5), 7441-7448. https://
ijrpetm.com/index.php/IJRPETM/article/view/341

Yuvaraj, N. (2022). LLM-Augmented
Conversational  Intelligence  for ~ Customer
Workflow Continuity. International Journal of

Artificial Intelligence, Data Science, and Machine
Learning, 3(4), 171-183. https://doi.org/10.63282/
3050-9262.1JAIDSML-V314P118

Martinez, L., & Richardson, M. (2019). Al-
Augmented Risk Analytics: Immersive UX in
Cloud-Native Compliance Tools. International
Journal of Innovative Research in Humanities &
Technology, 2(2), 01-10. https://worldcometresearc
hgroup.com/index.php/ijirht/article/view/262
Ramakrishna, S. (2022). Al-augmented cloud
performance metrics with integrated caching and
transaction analytics for superior project monitoring
and quality assurance. International Journal of
Engineering & Extended Technologies Research
(JEETR), 4(6), 5647-5655.
https://ijeetr.com/index.php/ijeetr/article/view/132
Karri, N., & Jangam, S. K. (2021). Security and
Compliance Monitoring. International Journal of
Emerging Trends in Computer Science and
Information Technology, 2(2), 73-82. https://doi.
0rg/10.63282/3050-9246.1JETCSIT-V212P109
Guntupalli, B. (2022). Exception Handling in
Large-Scale ETL Systems: Best
Practices. International Journal of Al, BigData,
Computational and Management Studies, 3(4), 28-
36. https://doi.org/10.63282/3050-
9416.1JAIBDCMS-V314P104

El Mhouti, A., Erradi, M., & El Makhfi, N. (2019,
December). A multi-agent system of semantic
analysis and filtering of modeled traces to calculate
interaction indicators favoring collaboration in
LMS. In2019 International conference on
intelligent systems and advanced computing
sciences  (ISACS) (pp. 1-7). IEEE. https://
doi.org/10.1109/ISACS48493.2019.9068907
Cheng, Q., Saha, A., Yang, W., Liu, C., Sahoo, D.,
& Hoi, S. (2023). Logai: A library for log analytics
and intelligence. arXiv preprint arXiv:2301.13415.
https://doi.org/10.48550/arXiv.2301.13415

[11].

[12].

[13].

[14].

[15].

[16].

[17].

[18].

[19].

[20].

Vankayala, S. C. (2023). LLM augmented
exploratory testing: A framework for intelligent risk
discovery, hypothesis generation, and cognitive
enhancement in software quality engineering
. International Journal of Science, Engineering and
Technology, 11(1). https://www.ijset.in/wp-
content/uploads/IJSET_V11 issuel 357.pdf
Shethiya, A. S. (2023). LLM-Powered
Architectures: Designing the Next Generation of
Intelligent Software Systems. Academia Nexus
Journal, 2(1). Retrieved from http://academianexus
journal.com/index.php/anj/article/view/21

White, J., Fu, Q., Hays, S., Sandborn, M., Olea, C.,
Gilbert, H., ... & Schmidt, D. C. (2023). A prompt
pattern catalog to enhance prompt engineering with
chatgpt. arXiv preprint arXiv:2302.11382.
https://omekas-
test.sba.unipi.it/files/original/9473424cea8d562f87
6a4bcadbedd9e2336910af.pdf

Zamfirescu-Pereira, J. D., Wong, R. Y., Hartmann,
B., & Yang, Q. (2023, April). Why Johnny can’t
prompt: how non-Al experts try (and fail) to design
LLM prompts. In Proceedings of the 2023 CHI
conference on human factors in computing
systems (pp. 1-21).
https://doi.org/10.1145/3544548.3581388

Harrer, S. (2023). Attention is not all you need: the
complicated case of ethically using large language
models in healthcare and
medicine. EBioMedicine, 90.
https://doi.org/10.1016/j.ebiom.2023.104512
Xing, Z., Huang, Q., Cheng, Y., Zhu, L., Lu, Q., &
Xu, X. (2023). Prompt sapper: LIm-empowered
software engineering infrastructure for ai-native
services. arxiv preprint arXiv:2306.02230.
https://doi.org/10.48550/arXiv.2306.02230
Ramakrishna, S. (2022). Al-augmented cloud
performance metrics with integrated caching and
transaction analytics for superior project monitoring
and quality assurance. International Journal of
Engineering & Extended Technologies Research
(JEETR), 4(6), 5647-5655.
https://ijeetr.com/index.php/ijeetr/article/view/132
Yoo, J. E.,, Rho, M., & Lee, Y. (2022). Online
students’ learning behaviors and academic success:
An analysis of LMS log data from flipped
classrooms via regularization. IEEE Access, 10,
10740-10753.
https://doi.org/10.1109/ACCESS.2022.3144625
Tann, W., Liu, Y., Sim, J. H., Seah, C. M., & Chang,
E. C. (2023). Using large language models for
cybersecurity capture-the-flag challenges and
certification questions. arXiv preprint
arXiv:2308.10443.
https://doi.org/10.48550/arXiv.2308.10443

Ross, S. I., Martinez, F., Houde, S., Muller, M., &
Weisz, J. D. (2023, March). The programmer’s
assistant: Conversational interaction with a large
language model for software development.
In Proceedings of the 28th international conference
on intelligent wuser interfaces (pp. 491-514).
https://doi.org/10.1145/3581641.3584037

101


https://doi.org/10.63282/3050-9262.IJAIDSML-V3I3P117
https://doi.org/10.63282/3050-9262.IJAIDSML-V3I3P117
https://doi.org/10.26524/jms.12.83
https://ijrpetm.com/index.php/IJRPETM/article/view/341
https://ijrpetm.com/index.php/IJRPETM/article/view/341
https://doi.org/10.63282/3050-9262.IJAIDSML-V3I4P118
https://doi.org/10.63282/3050-9262.IJAIDSML-V3I4P118
https://worldcometresearchgroup.com/index.php/ijirht/article/view/262
https://worldcometresearchgroup.com/index.php/ijirht/article/view/262
https://ijeetr.com/index.php/ijeetr/article/view/132
https://doi.org/10.63282/3050-9246.IJETCSIT-V2I2P109
https://doi.org/10.63282/3050-9246.IJETCSIT-V2I2P109
https://doi.org/10.63282/3050-9416.IJAIBDCMS-V3I4P104
https://doi.org/10.63282/3050-9416.IJAIBDCMS-V3I4P104
https://doi.org/10.1109/ISACS48493.2019.9068907
https://doi.org/10.1109/ISACS48493.2019.9068907
https://doi.org/10.48550/arXiv.2301.13415
https://www.ijset.in/wp-content/uploads/IJSET_V11_issue1_357.pdf
https://www.ijset.in/wp-content/uploads/IJSET_V11_issue1_357.pdf
http://academianexusjournal.com/index.php/anj/article/view/21
http://academianexusjournal.com/index.php/anj/article/view/21
https://omekas-test.sba.unipi.it/files/original/9473424cea8d562f876a4bca4bedd9e2336910af.pdf
https://omekas-test.sba.unipi.it/files/original/9473424cea8d562f876a4bca4bedd9e2336910af.pdf
https://omekas-test.sba.unipi.it/files/original/9473424cea8d562f876a4bca4bedd9e2336910af.pdf
https://doi.org/10.1145/3544548.3581388
https://doi.org/10.1016/j.ebiom.2023.104512
https://doi.org/10.48550/arXiv.2306.02230
https://ijeetr.com/index.php/ijeetr/article/view/132
https://doi.org/10.1109/ACCESS.2022.3144625
https://doi.org/10.48550/arXiv.2308.10443
https://doi.org/10.1145/3581641.3584037

