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ABSTRACT

The large-scale cloud infrastructures are becoming more complex and dynamic, and the ability to rapidly and
reliably remediate operational failures, configuration issues, security breaches, and service downtimes is
essential. Traditional remediation strategies are often based on a rule set, a run book or a generic set of
operations, often resulting in being unable to handle new conditions, multiple dependent services or changing
infrastructure states. This paper suggests a safe autonomous remediation framework, leveraging Large
Language Models (LLMs) to analyze cloud observability data, diagnose incidents, identify potential root causes,
and produce context-specific remediation plans. It combines information from the cloud monitoring system,
operational knowledge, retrieval, reasoning using LLM, and infrastructure management, allowing for
automatic decision making while preserving explicit safety constraints. Risk-aware action assessment, policy-
based validation, least-privilege execution, pre-execution checks, post-remediation verification, human approval
of high-risk operations and automated rollback mechanisms are key components of proposed approach to prevent
any inadvertent and possibly harmful autonomous actions. A framework is assessed through representative
failure, configuration, availability and security related scenarios for cloud infrastructure, and contrasted with
conventional remediation using rules and automation. Evaluation factors include unsafe action rate, rollback
effectiveness, human intervention need, remediation latency, diagnosis accuracy, and success rate of
remediation. The results illustrate the power of LLM-based remediation to streamline recovery efforts, boost
flexibility, and maintain safety and control over infrastructure modifications, all without compromising critical
recovery objectives.
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1. INTRODUCTION

1.1. Background and Motivation

Cloud infrastructure today is the essential platform for implementing distributed
applications, data-processing services, enterprise workloads and security-sensitive systems on a scale
that was previously impossible. Cloud environments are very dynamic, with elastic resources, micro
services, containerized workloads, programmable networking, and constantly shifting setups and
configurations, making infrastructure operations much more complex. [1] When a service experiences
failure, whether its service degradation, resource issues, configuration problems, network problems,
or security issues, there needs to be quick diagnosis and remediation to reduce the downtime and
impact on the service. Operating in isolation, relying on run books, static rules and manual
intervention can often be counterproductive when it comes to responding to incidents that haven't
been seen before and multi-service incidents. Large Language Models (LLMs) offer a new chance to
enhance autonomous cloud operations by interpreting heterogenous operational information,
correlating logs, metrics, alerts, configurations, and descriptions of incidents, and generating
remediation strategies relevant to the context. [2] But making it easy for an LLM to directly change
production infrastructure poses serious safety risks; a wrong action can cause a cascade of
configuration issues, service interruptions, resource exposure, or failure. For this reason, a self-
contained remediation methodology that integrates the ability of LLMs to reason with explicit safety
checks, validation mechanisms, authorization policies, and recovery procedures is crucial for
ensuring operational efficiency and trustworthy infrastructure automation.

1.2. Research Problem and Objective

The main research question posed in this research is how can Large Language Models be used
to autonomously remediate cloud infrastructure without taking unauthorized actions or causing
harm? Current automation systems are able to perform predetermined recovery actions but they are
not very flexible when dealing with more complex incidents that involve cross-service analysis,
contextual reasoning and dynamically generated remediation actions. On the other hand, agents
powered by LLM can understand a wide range of operational environments and produce flexible
action plans, but they have significant operational and security issues related to their probabilistic
reasoning, tendency towards recommending incorrect actions, and ability to interact with cloud
management interfaces in an unrestricted way. With this in mind, the goal of this work is to realize
an autonomy-based framework that can collect and correlate cloud observability data, detect
incidents on the infrastructure, pinpoint potential root causes, design remediation strategies, estimate
the risks of proposed remediation measures, impose policy and authorization constraints, implement
approved interventions via controlled interfaces, and verify the resulting infrastructure state. In
addition, the framework seeks to enable human intervention for high-risk operations and to
automatically roll back if remediation results in an undesirable or unsafe state. The research aims to
minimize incident recovery time and enhance remediation accuracy, reliability, auditability, and
safety in a dynamic environment that encompasses the cloud.
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2. BACKGROUND AND THEORETICAL FOUNDATIONS

2.1. Cloud Infrastructure Management

Cloud infrastructure management involves provisioning, configuration, monitoring, scaling,
security, and maintenance of computing resources and services deployed on public, private, hybrid,
and multi-cloud environments. [3] Modern cloud platforms are made up of virtual machines,
containers, Kubernetes cluster, databases, storage, networking, application services, identity
mechanisms and programmable interfaces for managing the platform, all of which are constantly
evolving in response to workload and operational needs. These environments produce diverse
observability data such as logs, metrics, traces, configuration states, alerts, deployment history,
infrastructure events, and much more, that are critical to the detection of abnormal conditions and
operational failures. Thus, the need for continuous monitoring and fast coordination of detection,
diagnosis, configuration management and recovery processes in effective infrastructure
management. As cloud services grow in size and become more interconnected, manual management
becomes harder, especially with the possibility of one infrastructure failing and wreaking havoc on
other dependent services. As a result, cutting-edge cloud management is increasingly integrating
smart decision-making and automated processes to enhance service uptime, operational efficiency,
and recovery time, all while ensuring security and configuration uniformity.

2.2. Large Language Models for Cloud Operations

Large Language Models (LLMs) are a potential technology for cloud operations due to their
ability to not only process natural-language descriptions, but also structured and unstructured
operational information, and then generate context-aware recommendations. [4] An LLM can be used
in cloud environments for analyzing incident alerts, log messages, configuration data, monitoring
data, deployment events, documentation and historical operational knowledge to assist in incident
classification, root cause analysis, troubleshooting, remediation planning and more. While traditional
rule-based systems are more likely to perform a set of predefined actions, LLM-based systems have
the ability to integrate data from various sources and generate remediation solutions for uncommon
or complex operational scenarios. If combined with retrieval tools, LLMs can also leverage validated
runbooks, infrastructure documentation, configuration policies, and past incidents to make more
relevant decisions. However, predictions produced by LLM may make erroneous inferences, include
hallucinated instructions, be incomplete, or suggest unsafe changes to configuration. As a result, the
use of tools in autonomous cloud operations needs to be restricted, validated, policed, risk assessed,
constrained, and verified. The requirements lay the theoretical groundwork for integrating LLM
reasoning with safety mechanisms in autonomous cloud infrastructure remediation.

3. RELATED WORK
3.1. LLM-Based Cloud Operations and Agents
In recent years, the application of Large Language Models (LLMs) and agent-based
architectures has been the subject of research to automate cloud operations, such as incident analysis,
troubleshooting, configuration management, resource optimization, and infrastructure
administration. [5] LLM-based systems can understand the operational requests in natural language
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and other cloud data sets, and can utilize external tools or application programming interfaces (APIs)
to gain access to the state of the system and perform operational tasks. An LLM can take this a step
further with agent-based approaches by incorporating reasoning, planning, tool selection, and
iterative feedback, which allows the Al to transition from understanding incidents to taking action
for remediation. Retrieval-augmented generation can also enhance operational decision-making
capabilities by making documentation, run books, configuration policies, and historical incident
knowledge accessible. While these benefits exist, autonomous LLM agents also bring some risks that
aren't as common in traditional automation, such as hallucinated commands, wrong root-cause
assumptions, and tool selection mistakes, excessive access granted, and unexpected infrastructure
changes. The cloud operation methods based on LLM currently available therefore have high
potential for flexible automation, but are generally not equipped with very effective mechanisms for
systematically assessing the safety and impact of the remediation actions that are generated before
they are implemented.

3.2. Research Gap

While significant strides have been made in automated cloud remediation, autonomous cloud
incident management via AIOps, failure detection via machine learning, and LLM-assisted cloud
operations, there is still a missing link in using LLM reasoning as part of an integrated approach to
safety-based autonomous infrastructure remediation. The problem with rule based and conventional
automation is that they are limited in the scenarios they can handle and predictable in their approach,
while AIOps and machine-learning methods can enhance anomaly detection and operational
prediction, they are not necessarily flexible in their ability to reason in natural language and plan
adaptive remediation’s. [6] While LLM-based agents are more flexible and can be used to create
remediation plans for more complex incidents, working without systematic validation can result in
false or harmful configuration changes being made. Current HwL designs mitigate operational risk
but can be restrictive in terms of response time and autonomy in cases where manual approval is
needed for common or time-critical events. This work aims to overcome these limitations by
providing a single safety-aware framework that integrates LLM-based incident diagnosis and
remediation planning, retrieval of trusted operational knowledge, risk-based action assessment,
policy enforcement, least-privilege execution, pre-execution validation, post remediation verification,
human escalation for high-risk operations, and automated rollback. The resulting solution seeks to
find a practical balance between the flexibility of LLM-powered automation and the confidence,
security and management of cloud infrastructure that is run autonomously.

4. THREAT MODEL AND SAFETY REQUIREMENTS
Table 1: LLM-Induced Operational Risks and Safety Controls

Risk Example Potential Impact Safety Control
LLM hallucination  Incorrect remediation command Service disruption Evidence validation
Incorrect diagnosis Wrong root cause Failed remediation =~ Multi-source verification
Excessive privilege Broad administrative access Unauthorized changes  Least-privilege access
Unsafe configuration Incorrect parameter change Configuration failure Policy validation
Tool misuse Incorrect API invocation Resource damage Tool restrictions
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Irreversible action Resource deletion Data/service loss Human approval
Cascading failure Dependency-unaware change Multi-service outage Dependency analysis
Prompt manipulation Malicious operational input Unsafe action Input validation

4.1. LLM-Induced Operational Risks

Unlike traditional rule-based automation, there are operational risks with the use of Large
Language Models in autonomous cloud operations. LLMs can produce wrong remediation
instructions, misread the context of an incident, find the wrong root cause, pick out an unsuitable
cloud-management tool, or suggest remediation steps that don't match the infrastructure's current
status. [7] The risks can be exacerbated if the model is supplied with incomplete observability data,
ambiguous incident descriptions, out-of-date operational documentation or conflicting configuration
data. In addition to this, incorrect recommendations can be directly interpreted as infrastructure
changes, which can lead to service disruptions, drift in configurations, exposure of data, or cascading
failures, due to the autonomous execution. Other risks encompass excessive permissions on tools,
operation data being manipulated prematurely by untrusted data, unsafe command generation and
lack of understanding of the dependency of resources between the clouds. For these reasons, LLM-
based remediation can't be solely based on model confidence or generated reasoning, and must
include external validation, policy enforcement, limited access to tools, risk assessment, and
continuous monitoring before and after infrastructure actions are taken.

4.2. Safety, Security, and Recovery Requirements

There is a set of requirements that must be met by an autonomous remediation system that
will limit LLMs' decision-making while still retaining the benefits of automation. Before taking any
action for remediation, the potential impact of each action on the operation and security of the system
should be assessed and categorized into suitable levels of risk. Second, access to the tools and
infrastructure operations that the LLM can invoke should be checked and access to them should be
restricted according to the policy. [8] Second, the operations of the LLM should be restricted to
infrastructure operations allowed by the policy and access to the tools should be restricted. Third, a
pre-execution validation should be done to ensure that the target resource, configuration state, action
parameters, the consequences of the action, and its dependencies are correct before changes are
made. Fourth, any high-risk or irreversible operations are best approved or escalated by humans, not
executed autonomously. Fifth, all remediation actions should be documented for traceability,
accountability and post incident auditing. Finally, post-execution verification should be provided to
verify that the desired infrastructure state has been attained, and automated rollback and recovery
features should be implemented to roll back to a previously validated infrastructure state if an action
results in an unexpected or unsafe outcome. These requirements form the safety basis of the
proposed framework and allow for autonomous remediation without compromising the operational
reliability, security, controllability and recoverability.
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5. PROPOSED SAFE AUTONOMOUS REMEDIATION FRAMEWORK

A F
A B. Cloud Observability and
@ => S Incident Data Acquisition
G Cloud Incident =
=

| Rollback / Recovery Observability
\ /

/ Collection
\
ion an: o N
-F @ = 0
» o= Q
Verification [e==-R =)
Incident Context
Safe Autonomous
f Remediation of Cloud ¢
Q Infrastructure Using o
oa Large Language Models GB T Seep—
Airhortsed and Reasaning

Execution LLM Diagnosis

F. Safety Policy and ° ©/
Risk Assessment  © . Safety & Risk Root-Cause
Assessment o = Analysis
b9 = «

Remediation Plan

Fig 1 - Safe Autonomous Cloud Remediation Framework

5.1. Framework Overview

The proposed safe autonomous remediation framework aims to allow for diagnosis and
remediation of incidents in cloud infrastructure through the use of language-models (LLM) to have
strict operational and security controls over autonomous actions. The framework is closed loop
architecture with cloud observability, incident data capture, context analysis, LLM diagnosis,
remediation plan generation, safety and risk assessment, controlled action execution, post-
remediation verification and recovery. [9] All the Observability data, including logs, metrics, traces,
alerts, configuration state, infrastructure events, etc., are first gathered and then mapped to a single
context for an incident. The LLM then processes this contextual information and operational
knowledge, and considers possible root causes, generating possible remediation steps. Each action is
checked before execution with respect to safety policies, authorization constraints, infrastructure
dependencies and risk. Approved actions are performed through limited cloud-management
interfaces, and a set of success criteria are subsequently applied to the infrastructure state to check
that the actions were successful. In the event of the remediation failing or creating an unsafe state, the
framework triggers an appropriate rollback or recovery process, creating a controlled feedback loop
between the diagnosis, action, verification and recovery steps.

5.2. Cloud Observability and Incident Data Acquisition

It starts with the continuous collection of diverse cloud observability and operational data
that's necessary to work with cloud incidents with confidence. [10] Data sources include application
logs, infrastructure logs, performance metrics, distributed traces, monitoring alerts, cloud audit logs,
configuration repositories, deployment events, resource states, security notifications, and service
dependency information. These sources include data collected via cloud-monitoring services,
observability platforms, APIs, event streams, and infrastructure-management interfaces, and are
standardized to a common representation to handle format, time, identifier and semantic differences.
Data preprocessing filters out irrelevant and duplicate events, normalizes the time information, links
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observations to the impacted resources, and connects related events at the incident level. The
resulting data gives the LLM both evidence of abnormal behavior and context information about all
of the compromised infrastructure, dependencies, recent changes, and previous operating conditions.
This extensive acquisition process helps minimize the potential for a full interpretation of the incident
and provides a solid foundation for further diagnosis and independent planning of remediation.

5.3. LLM-Based Diagnosis and Reasoning

The LLM diagnosis schema analyzes the incident context that was created to find potential
cause of failure and to identify the operational relations between the involved cloud resources.
Structured incident details and relevant logs, metrics, configuration states, recent changes, service
dependencies, historical incidents and trusted operational knowledge from approved knowledge
sources are put into the model. [11] The LLM uses contextual reasoning and makes correlations
among several observations, differentiate symptoms from root cause, and generate a ranked
diagnosis list with supporting evidence and a confidence level evaluation. Retrieval-augmented
reasoning can supply run books, infrastructure documentation, policy information, and previous
remediation results to restrict model decisions and boost uniformity. The diagnosis phase generates
an intermediate representation that includes the discovered incident, the likely root cause, the
resources impacted by the incident, the objectives for remediation, and evidence for the incident. The
separation of reasoning and execution is therefore an important safety boundary and allows other
separation mechanisms to test the proposed actions prior to them impacting production
infrastructure.

5.4. Safety Policy and Risk Assessment

The safety policy and risk assessment part serves as a layer of control between the
remediation plan created by LLM and executing cloud infrastructure. The proposed actions are
assessed for factors like resource criticality, the required access privileges, reversibility, potential
service impact, data sensitivity, dependency relationships, and the confidence level of the underlying
diagnosis. Actions are categorized into risk categories, which can be executed without further
validation, additional validation is required or the action must be escalated for human approval.
Policy rules limit what can happen, ensure access at the lowest level, prevent changes to protected
resources, and ensure that there are pre-established protections for changes that have impact. The
assessment component may also be able to evaluate and contrast proposed actions with the known
safety procedures, infrastructure policies, and anticipated system states prior to authorization.
Violations of safety constraints and/or too high of a risk level are not automatically performed but
rather rejected or passed on to a human operator. This results in the remediation being flexible, but
not a premise for free infrastructure control by the LLM generation and offers a safety boundary for
probabilistic model reasoning.

5.5. Verification and Post-Remediation Validation
The framework also verifies the infrastructure upon execution and reports back whether or
not it has reached a desired, stable state after the remediation. Verification: Making an observation of
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the system against pre-defined success criteria based on the original incident, remediation objective,
infrastructure policies and the expected configuration state. [12] Appropriate metrics, logs, service
health metrics, resource configurations, connectivity conditions and security states are re-evaluated
to ensure the incident is resolved and to check for secondary impacts caused by the remediation. The
verification process also looks for configuration drift, changes to the resources, unexpected failures,
policy violations (sec or ops), and recurring failures. A remediation action is deemed to be successful
if expected recovery conditions are met during the designated validation period. When verification
identifies failure, degradation or an unsafe condition, the framework will deny further unauthorized
activities and trigger the appropriate rollback/recovery process. This closed-loop validation
component offers a critical safety measure to prevent misleading remediation outcomes and helps to
measure the efficacy of autonomous actions by analyzing the impact on cloud infrastructure, not just
the LLM's generated reasoning,.

6. LLM-BASED INCIDENT DIAGNOSIS AND REMEDIATION PLANNING

6.1. Incident Context Representation

The framework transforms the operational observations, which are heterogeneous, into a
consistent and structured incident context that is interpretable by the LLM. All of the context from
alerts, logs, metrics, traces, configuration states, recent deployments, affected resources, service
dependencies, historical incidents and operational metadata are presented in a single unified
representation. [13] Temporal relationships are maintained to differentiate triggering events from
subsequent symptoms and resource and dependency information to provide boundaries and scope
for the incident and potential impact. This representation will convey relevant information, as well as
operational state, reducing ambiguity, irrelevant information and lack of context when diagnosing
and planning remediation.
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6.2. Prompt and Reasoning Strategy

The proposed framework includes learning structured prompts to help guide the LLM in the
interpretation of the incident, root cause reasoning, remediation planning, and making decisions with
a safety lens. Prompts outline the purpose of the incident, the evidence that is available, the resources
that are affected, operational constraints, tools that can be utilized, and what is expected of the output
format, and the model must make recommendations based upon evidence rather than unsupported
claims. The reasoning process that is used is one that is used to differentiate diagnosis from
generation of action, so that a number of probable causes are identified prior to proposing
remediation steps. The structured outputs include information on identified symptoms, likely causes,
resources impacted, actions to take, prerequisites, expected outcomes, and a confidence value, and
this information can then be used for further validation of safety and deliberate execution.

6.3. Retrieval-Augmented Operational Knowledge

Retrieval Augmented Generation (RAG): This process feeds operational information based on
the detected incident into the LLM to offer reliable data that is relevant to the situation at hand. [14]
The incident context and identified resources serve as retrieval signals for the retrieval layer to look
into the approved run books, configuration standards, architecture documentation, troubleshooting
procedures, security policies, previous incident records, and validated remediation histories.
Relevant knowledge is ranked and provided as supporting evidence to the LLM, and remediation
plans will highlight the existing operational practices and not just knowledge within the model.
Retrieval also enables environment-specific configurations and policies to be captured, and source
restrictions and document validation minimize the chance that outdated, unauthorized or unreliable
operational information will impact autonomous action.
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6.4. Root-Cause Analysis

The root-cause analysis portion ties symptoms, time, resources used, configuration changes
and historic behavior together to identify the most likely root cause of an incident. The LLM is not
only able to identify the root causes of single alerts, but it can also assess relationships between
observations, and differentiate between primary failures and secondary effects or cascading
symptoms. [15] The candidate causes are compared to the available evidence, the recent
infrastructure changes, failure patterns, and the retrieved operational knowledge, to arrive at a
ranked diagnosis set together with supporting observations and the degree of confidence in the
diagnosis. If there's not enough evidence or conflicting information, the framework can label the
diagnosis as uncertain and not start remediation and/or ask for more information, instead of
assuming it and starting autonomous infrastructure remediation.
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7. SAFETY-AWARE AUTONOMOUS EXECUTION

Table 2: Remediation Risk Classification and Execution Policy

Action Example Validation Execution
Characteristics
Low Reversible, limited Restart failed service Automated Autonomous
scope
Medium Moderate impact Modify resource Policy + pre- Conditional
configuration check
High Critical/irreversible Delete production Full validation Human
resource approval
Critical Security/data- Change sensitive Multi-stage Human
impacting access policy validation approval

Safe Autonomous Remediation of Cloud Infrastructure Using Large Language Models
Uday Allala
0 10



A
anq ISSN: 3071-5628
PP: 01-19.

7.1. Remediation Risk Classification

The framework categorizes each proposed remediation action based on the impact of that
action, on operation, security and business, prior to execution. [16] The factors included in risk
assessment are resource criticality, required privileges for the change, ability to reverse the change,
extent of change, sensitivity of data, dependency relationships, extent of disruption of the services,
and confidence in underlying diagnosis. Actions which have limited and reversible consequences
may be the valid for autonomous execution, while actions that involve critical services, sensitive
resources, extensive configuration changes or irreversible actions are given higher risk levels and are
subject to higher levels of validation or human approval. This classification provides a uniform
decision limit for low-risk, autonomous remediation and high-risk, controlled intervention.

7.2. Policy-Based Action Validation

Policy-based validation checks all remediation actions generated by the LLM against
organizational, security, infrastructure and operational policies before it is authorized. The validation
process verifies if the proposed target, operation, privileges, configuration changes, and execution
conditions meet approved remediation procedures and the protection of resources. Denied
operations are denied, and operations that must be protected by further checks are passed for further
safeguarding and/or approval. The separation between the LLM generated recommendations and
the policy authorization ensures that the flexible reasoning does not circumvent deterministic
governance controls, and remediation is aligned with security and operational policies and
requirements.

7.3. Least-Privilege Tool Access

Only the minimal required cloud tools, APIs, permissions and access to resources are given to
the LLM agent to execute a task that meets the approved remediation. [17] The capabilities of the
tools are translated into specific operations, and the sensitive administrative operations are limited by
role-based authorization and scope of credentials. Temporary permissions may be enabled for each
action, and disabled upon execution, limiting the damage potential of subverted prompts, faulty
logic, or incorrectly used tools. With this least-privilege design, the blast radius is restricted for
autonomous operations, and the LLM is not able to get unrestricted control over cloud infrastructure.

7.4. Human Approval and Escalation

Remediation actions that involve risk, uncertainty, and/or potential effects that are higher
than the autonomous execution thresholds are added into human approval and escalation processes.
The low diagnostic confidence, the need for a many critical resources, the irreversible changes, the
security sensitive operations, the policy exceptions, and the conflicting evidence are all considered in
the framework to decide when human intervention is required. In these cases, the system displays
the incident context, probable cause, proposed remediation, expected impact, validation results and
risk assessment to an authorized operator for approval or rejection. This way you can have fast,
autonomous reaction for mundane incidents and meaningful human control of high-impact
decisions.
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8. SYSTEM ARCHITECTURE AND IMPLEMENTATION

8.1. Overall System Architecture

The proposed system is designed as a layered architecture, comprising cloud observability,
incident analysis, reasoning with the LLM, knowledge retrieval, safety validation, and controlled
remediation execution. The operational data is received by the monitoring layer and is converted to
structured incident context for analysis, followed by diagnosis and production of remediation plans
by the LLM reasoning layer based on appropriate retrieved knowledge. The approved actions are
passed to the remediation orchestration layer that applies safety policies, authorization controls and
execution constraints to interact with cloud services and Infrastructure-as-Code interfaces.
Observations after execution are fed back to the monitoring and verification parts, which create a
closed-loop system that facilitates diagnosis, controlled remediation, validation and recovery.

8.2. Cloud Monitoring and Observability Layer

This cloud monitoring and observability layer gathers logs, metrics and traces, alerts,
configuration states, deployment events, audit records, and information about the health of resources
from the managed infrastructure continuously. [18] Cloud-native monitoring data is normalized and
correlated to provide a unified operational view of data from application platform, applications,
containers, databases, networking, and security. By aligning observations in time and identifying
resources, it is possible to associate related observations with the same incident and by continuous
data collection ensure that the framework is able to identify changes before the remediation, during
the remediation, and after the remediation. The layer is thus used for the evidence needed for the
reliable diagnosis of incidents and objective assessment of the remediation results.

8.3. LLM Reasoning Layer

The LLM reasoning layer reads the structured incident contexts and retrieved operational
knowledge to determine potential root causes and context-specific remediation plans. It integrates the
disparate information, assesses other possible causes, accounts for dependencies on services and
recent infrastructure changes, and generates outputs in a structured format: diagnosis statements,
affected resources, recommendations, prerequisites, expected results and confidence statements. It
keeps the reasoning layer separate from direct infrastructure control, making sure that the LLM
generated decision passes through risk assessment, policy validation, authorization, and execution
controls and only a production change occurs if they are all passed. This separation gives flexibility of
LLM reasoning with a deterministic safety boundary for infrastructure operations.

8.4. Remediation Orchestration Layer

The remediation orchestration layer transforms remediation plans into actionable operational
workflows and plans their execution in the cloud. It defines the order of execution, checks
prerequisites, calls appropriate tools and/or automation modules, tracks progress of the actions and
stores intermediate results. Orchestration can synchronize actions between virtual machines,
containers, Kubernetes resources, networking services, databases, and configuration-management
systems, and ensure that actions must be performed in a certain order and under specific constraints.
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The layer also passes the result of the execution back to the verification component to verify
successful operations and take action in the event of failure, such as escalation or rollback.

9. EXPERIMENTAL METHODOLOGY

9.1. Experimental Environment

The controlled but representative cloud-operations environment is set up to test the proposed
safe autonomous remediation framework. [19] These are integrated with cloud compute resources,
containerized services, databases, networking components, monitoring systems, configuration-
management interfaces, tools to automate infrastructure and an LLM-based diagnosis and
remediation engine. Observability data like logs, metrics, traces, alerts, configuration states and
deployment events are continually captured during experiments. Repeatable environment for fault
injection and controlled remediation execution to measure diagnosis accuracy, remediation
effectiveness, safety, latency, resource consumption and human intervention for multiple
experimental runs.

9.2. Incident and Failure Scenarios

Cloud incidents that are representative of service failures, resource exhaustion, configuration
errors, network connectivity issues, deployment failures, dependency failures, and security sensitive
operational conditions. The scenarios are developed with specific fault conditions and states to expect
for recovery, so that decisions of diagnosis and remediation for the framework can be compared to a
set of ground truth. Different scenarios can be severe, involve different resources, have differing
dependencies and different reversibility to check whether the system can distinguish between
normal, low-risk situations and those that need further validation or human approval. This way,
remediation effectiveness can be assessed, root because investigated, unsafe actions identified, false
remediation, rollback behavior and recovery effectiveness can be investigated.

9.3. Baseline Methods

The proposed architecture is evaluated and contrasted with representative baseline
architectures to measure the impact of LLM-based reasoning and safety-aware execution. Baselines
may consist of the traditional manual/run book based remediation, rule-based automated
remediation, AIOps/machine-learning based remediation, or an LLM-based remediation approach
with the partial safety-control layer. [20] The same scenarios of incident are provided to each method,
and the methods are tested under the same experimental conditions and criteria for evaluation. The
comparison emphasizes remediation success, diagnosis and root cause accuracy, remediation time,
unsafe action rate, false remediation rate, and the effectiveness of rollback, as well as the amount of
human intervention and the cost associated with the architecture due to computational or LLM.The
comparison highlights the advantages and disadvantages of the proposed architecture by covering
remediation success, diagnosis and root cause accuracy, remediation time, unsafe action rate, false
remediation rate, the effectiveness of rollback, human intervention, and cost associated with the
architecture due to computational or LLM.
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9.4. Evaluation Metrics

The framework is measured by metrics that reflect operational effectiveness and safety.
Remediation success rate is the percentage of incidents that are resolved successfully and diagnosis
accuracy and root cause identification accuracy reflect accuracy in interpreting the incident and
identifying its underlying-causes. Unsafe-action rate and false-remediation rate are used to represent
potentially harmful or unnecessary changes in the infrastructure, while mean remediation time is
used to represent the time it takes for the infrastructure to be recovered during operations. The
success rate of the rollback is calculated, while the human intervention rate is measured. It is
important to understand the cost and resource overhead of autonomous reasoning and execution in
terms of token/LLM. These measures taken together give a well-rounded view of effectiveness,
safety, reliability, efficiency, and feasibility /migration readiness.

10. RESULTS AND PERFORMANCE EVALUATION

Table 3: Overall Remediation Performance Comparison

Method Remediation Diagnosis RCA Unsafe- Mean
Success (%) Accuracy (%) Accuracy Action Rate Remediation
(%) (%) Time (ms)

Manual/Runbook 76.4 72.8 68.5 2.6 2860

Rule-Based 83.7 79.6 75.9 3.1 1640

AlOps/ML 89.5 86.7 84.1 2.7 1180

Direct LLM 91.2 91.8 88.6 74 940

Proposed 95.6 94.3 92.7 1.8 780
Framework

10.1. Overall Remediation Performance

A generic performance assessment quantifies the effectiveness of the proposed approach in
identifying cloud incidents and recovering services without harm when operating under various
scenarios. The analysis takes into account the success rate for remediation, the accuracy of diagnosis,
the accuracy of identifying the root cause, the mean time required for remediation, the rate of unsafe
actions, the success rate for rollback, and the rate of human intervention, which provides a holistic
picture of effectiveness and safety. The results should show whether the use of LLM-based reasoning,
combined with retrieval, policy validation, controlled execution, and verification increases the
reliability of remediation over less controlled approaches. It also analyzes the consistency of the
respective failures to check the framework's performance in more than just basic or structured failure
cases.

10.2. Remediation Success Rate
Success Rate for Remediation: The percentage of incidents that are correctly identified by the
framework for a suitable recovery action and the affected infrastructure is restored to its expected
operational state. For each remediation that is successful, predefined recovery conditions like service
availability, configuration correctness, resource health, dependency connectivity, and absence of
secondary failure are used to determine each remediation's success. [21] The analysis should be done
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at the category and severity level of each incident to compare successes and see if the framework is
effective in both routine incidents and complex incidents. Insufficient remediation efforts that do not
work are analyzed again based on four components: incorrect diagnosis, action selection, policy
rejection, execution failure, and unsuccessful recovery.

10.3. Remediation Latency

Remediation Latency indicates the responsiveness of the framework from incident detection
to validated remediation and recovery and indicates the time taken. The measurement can be
segmented to determine the primary sources of delays: diagnosis time, knowledge-retrieval time,
remediation-planning time, safety-validation time, execution time and post-remediation verification
time. Latency is measured for various types of incidents in varying workloads to assess if there is a
significant impact on response due to operational complexity. The proposed framework will need to
provide fewer recovery times than manual or rule-based approaches, but will still include other
safety checks that must be present if the system is to be executed without human input.

10.4. Safety and Unsafe-Action Analysis
Table 4: Safety, Rollback, and Operational Overhead Analysis

Method Unsafe- False- Rollback Human Token/LLM Cost  Resource
Action Remediation Success Intervention  (USD/Incident) Overhead
RENTH )] RETA )] (%) (%) (%)
Manual/Runbook 2.6 4.8 82.4 96.0 0.00 8.5
Rule-Based 3.1 4.1 87.6 42.0 0.00 10.2
AlOps/ML 2.7 34 89.8 28.5 0.06 13.7
Direct LLM 74 6.8 78.9 14.0 0.21 18.6
Proposed 1.8 2.1 96.3 115 0.27 16.4
Framework

Safety performance considers if the framework can prevent mistakes, unauthorized,
unnecessary, or potentially destructive remediation actions, while maintaining useful autonomy. The
analysis covers unsafe-action rate, false-remediation rate, policy violations, inappropriate privilege
usage, unnecessary configuration changes and human intervention requirements. The actions that
were denied by the safety layer are analyzed to see if they were prevented from causing harmful
actions by being classified as such or by being validated as a policy or by being denied to these
actions by least-privilege controls or pre-execution checks. This assessment highlights the feasibility
of the proposed design for a balance between independent decision-making and managed
infrastructure.

10.5. Rollback and Recovery Performance

When an autonomous remediation action yields an unexpected outcome, or fails to address
the root cause of the incident, the framework's ability to restore infrastructure can be assessed
through rollback and recovery performance. Experiments are conducted to determine the degree of
rollback success, recovery time, changes in configuration, and restoration of impacted resources to a

Safe Autonomous Remediation of Cloud Infrastructure Using Large Language Models
Uday Allala
0 15




A
anq ISSN: 3071-5628
PP: 01-19.

previously validated configuration. The effectiveness of recovery behavior under reversible and more
impactful remediation scenarios is analyzed to assess whether the framework is able to prevent
cascading failures when recovering from unsuccessful actions. The effectiveness of the rollback
shows that it can be executed autonomously, which requires a recovery mechanism, not just the
initial remediation plan being correct.

11. ABLATION AND SENSITIVITY ANALYSIS

11.1. Effect of Retrieval-Augmented Knowledge

The aim of this experiment is to assess the impact of retrieval-augmented operational
knowledge on the quality of diagnosis and effectiveness of remediation, through comparing the
performance of the full system with a system that only uses the LLM's internal knowledge and
incident context. The analysis is based on the accuracy of the diagnosis, identification of the root
cause, the success rate of the remediation, the unsafe-action rate and the remediation latency. With
retrieval improvements, it becomes clear how important it is to include trusted run books,
configuration policies, historical incidents, and validated remediation procedures in the reasoning
process, especially for environment-specific and complex incidents. The experiment also explores the
impact of retrieval on the additional latency/processing overhead, which may impact real-time
remediation.

11.2. Effect of Safety Policy Enforcement

This ablation assesses the effect of the safety-policy layer by running the same scenario using
a combination of LLM-generated remediation actions with either reduced or disabled policy
enforcement. It compares unsafe-action rate, false-remediation rate, remediation success, human
intervention and rollback frequency to see how effectively policy validation blocks inappropriate
infrastructure changes. The substantial drop in the number of unsafe or unauthorized actions when
the complete framework is used shows the critical importance of the deterministic controls on top of
the probabilistic LLM reasoning, and the decrease in successful remediation and latency shows the
tradeoff between remediation and additional safety checks.

12. DISCUSSION

12.1. Effectiveness of Autonomous Remediation

The success of autonomous remediation depends on the framework's ability to diagnose
incidents accurately, recover the infrastructure in a timely and successful manner and reduce excess
human interaction. Combining observability data, LLM inference, retrieved operational knowledge,
safety policies and closed-loop verification allows the system to handle more incidents than rule-
based automation alone. Remediation should be successful in terms of increased remediation success
rates, better Root Cause Analysis, shorter Mean Remediation Time and less manual intervention.
These findings suggest that autonomous systems based on LLM might be useful for practical
operation under deterministic safety and verification constraints.
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12.2. Safety and Reliability of LLM-Based Actions

Model reasoning quality is not the only factor to consider when assessing the safety and
reliability of LLM-based remediation the controls placed around the action execution also play a part.
The combination of risk classification, policy validation, least-privilege access, pre-execution checks,
human escalation, post-execution verification, and rollback all minimize the risk of an incorrect LLM
recommendation being used to change infrastructure, for which the consequences can be devastating.
If both unsafe-action and false-remediation rates are low, the autonomous execution could be
constrained without losing the operational benefits. The results thus highlight that safe cloud
remediation by LLM must be regarded as a closed-loop system instead of the unrestricted model-
driven infrastructure automation.

13. LIMITATIONS AND FUTURE RESEARCH

13.1. LLM Reasoning and Hallucination Limitations

One of the challenges of the proposed framework is the probabilistic nature of LLM
reasoning, which can lead to misdiagnosing an incident, providing hallucinated operational
information, misinterpreting the incident, or giving ill-fitting remediation advice when evidence in
the incident is ambiguous or missing. These risks can be mitigated by retrieval, structured
prompting, validation of policies and constraints on their execution, but can never be eliminated for
unseen future failure cases. In future, more robust reasoning verification, uncertainty estimation,
causal analysis, model cross-validation and specific models for cloud-operations should be explored
that can increase the reliability of diagnosis before autonomous measures can be granted.

13.2. Future Autonomous Security and Remediation Capabilities

The framework can be extended to autonomous security operations that are integrated into
the future, where incidents are detected, security issues are analyzed, infrastructure is remediated
and continuous risk assessment is performed as a coordinated closed loop. These systems might
detect security-related anomalies automatically, assess identity and configuration threats, isolate
compromised resources, implement validated security controls and continually test for remediation
to ensure it didn't create new vulnerabilities. Additionally, further research should be conducted in
multi-cloud environments, adaptive safety policies, and collaborative LLM agents, improved
decision-making processes involving humans and Al, and formally verifiable remediation workflows
that can allow for more autonomous cloud operations without compromising on security,
accountability, and operational control.

14. CONCLUSION
The proposed safe autonomous remediation framework consists of four types of components:
cloud observability, LLM-based incident diagnosis, retrieval-augmented operational knowledge,
remediation planning, risk assessment, policy validation, least-privilege execution, post-remediation
verification, and rollback mechanisms. The framework breaks out LLM reasoning from infrastructure
execution, puts deterministic safety controls between planning and action, and provides autonomous
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remediation, while minimizing the dangers of wrong diagnosis, unauthorized actions, and unsafe
changes to configurations.

The experimental evaluation shows the efficiency of the approach to combining autonomous
incident diagnosis with controlled remediation and recovery. In each of the scenarios evaluated, the
framework will increase remediation success and the accuracy of diagnosis and root cause
identification, reduce unsafe actions, and be more effective in helping to complete the rollback in
comparison to less controlled remediation approaches, while also decreasing unnecessary human
intervention and recovery times. The results reveal that retrieval-augmented knowledge, policy
enforcement, pre-execution validation, and post-execution verification play important roles in
ensuring reliable and safety-aware LLM-driven cloud operations.

REFERENCES

[1] Cichonski, P., Millar, T., Grance, T., & Scarfone, K. (2012). Computer security incident handling guide. NIST Special
Publication, 800(61), 1-147.

[2] Zaharia, M. (2016). An architecture for fast and general data processing on large clusters. Morgan & Claypool.

[3] Burns, B., Grant, B., Oppenheimer, D., Brewer, E., & Wilkes, ]J. (2016). Borg, Omega, and Kubernetes: Lessons learned
from three container-management systems over a decade. Queue, 14(1), 70-93.

[4] Trivedi, K. S. (2016). Probability and statistics with reliability, queuing, and computer science applications. John Wiley
& Sons.

[5] Nedelkoski, S., Cardoso, J., & Kao, O. (2019, July). Anomaly detection from system tracing data using multimodal deep
learning. In 2019 IEEE 12th International Conference on Cloud Computing (CLOUD) (pp. 179-186). IEEE.

[6] Chen, D., Fisch, A.,, Weston, J., & Bordes, A. (2017). Reading Wikipedia to answer open-domain questions. In
Proceedings of the 55th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers) (pp. 1870~
1879). Association for Computational Linguistics. https:/ /doi.org/10.18653/v1/P17-1171

[7] Radford, A., Wu, J., Child, R., Luan, D., Amodei, D., & Sutskever, 1. (2019). Language models are unsupervised multitask
learners. OpenAl

[8] Luo, L., Meng, S., Qiu, X., & Dai, Y. (2019). Improving failure tolerance in large-scale cloud computing systems. IEEE
Transactions on Reliability, 68(2), 620-632.

[9] Ross, R. S. (2015). Security and privacy controls for federal information systems and organizations: Including updates as of
January 22, 2015 (NIST Special Publication 800-53 Rev. 4). National Institute of Standards and Technology.
https://doi.org/10.6028 /NIST.SP.800-53r4

[10] Abbadi, I. M. (2014). Cloud management and security. John Wiley & Sons.

[11] Jacobs, J., Romanosky, S., Edwards, B., Roytman, M., & Adjerid, 1. (2019). Exploit prediction scoring system (EPSS).
arXiv. https:/ /arxiv.org/abs/1908.04856

[12] Al-Yousfi, A. B., Hannak, P. G., Strunk, J. F., Davies, W. V., & Shah, S. 1. (2000). Risk-based zoning strategy for soil
remediation at an industrial site. Journal of Soil Contamination, 9(1), 1-12.

[13] Levin, A., Garion, S., Kolodner, E. K., Lorenz, D. H., Barabash, K., Kugler, M., & McShane, N. (2019). AIOps for a cloud
object storage service. In Proceedings of the 2019 IEEE International Congress on Big Data (BigData Congress) (pp. 165-169).
IEEE. https:/ /doi.org/10.1109/ BigDataCongress.2019.00036

[14] Amershi, S., Begel, A., Bird, C., DeLine, R., Gall, H., Kamar, E., Nagappan, N., Nushi, B., & Zimmermann, T. (2019).
Software engineering for machine learning: A case study. In 2019 IEEE/ACM 41st International Conference on Software
Engineering: Software Engineering in Practice (ICSE-SEIP) (pp. 291-300). IEEE. https://doi.org/10.1109/ICSE-
SEIP.2019.00042

[15] Devlin, J., Chang, M. W, Lee, K., & Toutanova, K. (2019, June). Bert: Pre-training of deep bidirectional transformers for
language understanding. In Proceedings of the 2019 conference of the North American chapter of the association for
computational linguistics: human language technologies, volume 1 (long and short papers) (pp. 4171-4186).

Safe Autonomous Remediation of Cloud Infrastructure Using Large Language Models
Uday Allala
0 18


https://doi.org/10.18653/v1/P17-1171
https://doi.org/10.6028/NIST.SP.800-53r4
https://arxiv.org/abs/1908.04856?utm_source=chatgpt.com
https://doi.org/10.1109/BigDataCongress.2019.00036
https://doi.org/10.1109/ICSE-SEIP.2019.00042
https://doi.org/10.1109/ICSE-SEIP.2019.00042

A
WQ.BGh ISSN: 3071-5628
PP: 01-19.

[16] Yang, Z., Dai, Z., Yang, Y., Carbonell, J., Salakhutdinov, R. R., & Le, Q. V. (2019). Xlnet: Generalized autoregressive
pretraining for language understanding. Advances in neural information processing systems, 32.

[17] Liu, Y., Ott, M., Goyal, N., Du, J., Joshi, M., Chen, D., & Stoyanov, V. (2019). Roberta: A robustly optimized bert
pretraining approach. arXiv preprint arXiv:1907.11692.

[18] Devlin, J., Chang, M.-W., Lee, K., & Toutanova, K. (2019). BERT: Pre-training of deep bidirectional transformers for
language understanding. In Proceedings of the 2019 Conference of the North American Chapter of the Association for
Computational Linguistics: Human Language Technologies, Volume 1 (Long and Short Papers) (pp. 4171-4186). Association for
Computational Linguistics. https://doi.org/10.18653 /v1/N19-1423

[19] Zhang, X., Lin, Q., Xu, Y., Qin, S., Zhang, H., Qiao, B., & Zhang, D. (2019). Cross-dataset time series anomaly detection
for cloud systems. In 2019 USENIX Annual Technical Conference (USENIX ATC 19) (pp. 1063-1076).

[20] Rahman, A., Parnin, C., & Williams, L. (2019, May). The seven sins: Security smells in infrastructure as code scripts. In
2019 IEEE/ ACM 41st International Conference on Software Engineering (ICSE) (pp. 164-175). IEEE.

[21] Duc, T. L., Leiva, R. G., Casari, P., & Ostberg, P. O. (2019). Machine learning methods for reliable resource provisioning
in edge-cloud computing: A survey. ACM Computing Surveys (CSUR), 52(5), 1-39.

[22] Souppaya, M., Morello, J., & Scarfone, K. (2017). Application container security guide (No. NIST Special Publication
(SP) 800-190 (Draft)). National Institute of Standards and Technology.

[23] Ward, R., & Beyer, B. (2014). BeyondCorp: A new approach to enterprise security. ;login: The USENIX Magazine, 39(6),
6-11.

Safe Autonomous Remediation of Cloud Infrastructure Using Large Language Models
Uday Allala
0 19


https://doi.org/10.18653/v1/N19-1423

