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ABSTRACT 

Production operations teams are struggling to keep up with the number of incidents they need to respond to and 

with the number of experienced Site Reliability Engineering (SRE) staff. Despite the promising potential of 

large language model (LLM) operational agents for automating incident diagnosis and remediation, they are still 

limited in production environments owing to hallucinated recommendations, wrong operational grounding, 

varying reasoning, and unsafe command execution. These restrictions undermine the trust in operational 

processes and have made it impractical to use ungrounded LLM agents for autonomous production incident 

response. In this paper, we present a runbook based LLM framework which brings the structured operational 

discipline of classical SRE runbooks together with the contextual reasoning of LLMs, allowing production-safe 

automated incident response. The framework proposed consists of four main architectural elements: structured 

runbook representation, uncertainty-aware runbook selection, and schema-enforced step execution via 

controlled step invocation by tools, and generation of a comprehensive audit trail for clear and verifiable 

decision making. The framework limits the scope of AI reasoning to fully validate operational procedures, 

which helps to enhance execution reliability, explainability, governance, and human oversight, without losing 

the flexibility of cloud native environments. The framework is tested with a proof of concept deployment on a 

reference microservices architecture, and includes a reference implementation and a runbook library of common 

production incident classes to start. The proposed approach lays the groundwork for the safe and trustworthy use 

of autonomous LLM agents in contemporary cloud environments. 
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I. INTRODUCTION 

A. Background 

Cloud computing has evolved in a remarkably short period of time and has significantly influenced the design, 

deployment and operation of modern software systems. Cloud-native applications increasingly depend on 

various distributed microservices, container orchestration platforms, software-defined infrastructure and 

continuous deployment pipelines to provide scalable and resilient digital services. These technologies have 

brought flexibility in the system and agility to the business, but at the same time they have added a great deal to 

the complexity of operations. Fault diagnosis and remediation can be more challenging for operations teams as 

one production incident can involve interactions of dozens of connected services [1, 2]. 

This increasing complexity has led to the emergence of a new approach called Artificial Intelligence for IT 

Operations (AIOps), which integrates machine learning, automation, and operational analytics to enhance the 

monitoring, detection of anomalies, and incident handling processes. In more recent times, Large Language 

Models (LLMs) have shown to be strong reasoning systems that can interpret operation logs, summarized alerts, 

offer remediation suggestions, and communicate with infrastructure management tools in a natural language [3] 

[4]. The capacity to handle a variety of operational data has made LLM agents attractive tools for automating 

production support tasks, which are typically handled by seasoned Site Reliability Engineers (SREs). 

While these progressions have been made, the utilization of autonomous LLM agents in manufacturing settings 

is not yet widespread. Unlike traditional automation scripts which run predetermined workflows, LLM agents 

implement probabilistic reasoning that can yield fluctuating results if context they are operating in is incomplete 

or uncertain. Thus, it is possible for an agent to be technically capable of taking certain actions but unsafe on the 

ground, or misjudging state of infrastructure and taking remediation measures that will actually make things 

worse for the service [5, 6]. These constraints can be especially problematic in production scenarios where 

misjudgments can quickly spread through multi-cloud systems. 
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In addition, today's operational environments demand automation systems that are accurate, transparent, 

auditable and adherent to existing operational policies. Recent researches focus on the importance of the 

explainable decision making, controlled automation and human oversight for reliable AI deployment, especially 

in safety-critical digital infrastructures [7] [8]. The requirements have spurred a renewed interest in the 

integration of structured operational knowledge, in addition to AI reasoning, rather than exclusively adopting 

unrestricted autonomous decision-making. 

B. Problem Statement 

While LLM agents have impressive language understanding and contextual reasoning capabilities, their 

potential use for production incident response poses substantial operational risks. The lack of confidence in fully 

autonomous incident response systems is due to hallucinated remediation procedures, misunderstanding of 

monitoring data, unsupported infrastructure commands and insufficient justification for operational decisions [6, 

9]. Current AIOps platforms focus mainly on handling alert correlation and incident classification, and often do 

not have controls that limit the use of AI reasoning based on validated operational processes [2], [10]. 

Traditional SRE runbooks are among the most effective sources of operational knowledge since they capture 

both diagnostic sequences for symptoms and approved remediation actions based on numerous operational 

experiences, escalation policies, and recovery steps, thus codifying SREs' expertise [11]. Typical runbooks, 

however, are static documents that need to be interpreted manually, which are ineffective in fast changing 

production incidents. Lacking a structured operational guiding system is a missing link between intelligent 

automation and production safety in the presence of adaptive AI reasoning. 

C. Research Motivation 

With the growing sophistication of foundation models, it's time to reimagine incident response to bring together 

the reasoning power of LLMs and the process discipline of operational runbooks. Instead of letting autonomous 

agents devise their own remediation plan without any restriction, providing their reasoning as part of a validated 

runbook workflows helps make the operational decision consistent with accepted engineering procedures [12] 

[13]. This method allows for the flexibility of AI-supported thinking and minimizes the risk of unsafe and 

unsupported operational decisions. 

Furthermore, today's cloud architectures require automation systems that can guarantee full traceability of 

executions. All diagnostic observations, tools invoked and remedial decisions should be verifiable for 

compliance, post incident review and continuous operation improvement. Human-centric operational 

governance also highlights the need to ensure transparency and accountability in AI-enabling decision-making 

processes [14, 15]. The runbook grounding is therefore a technical improvement, but also a governance model 

which further increases trust in production automation. 

D. Research Objectives 

This research will aim to create a structured and grounded production-safe solution for embedding LLM agents 

in cloud incident response. In particular, the work aims to understand the current deficiencies of AIOAs, provide 

a structured runbook abstractions based framework that integrates operational information and LLM reasoning 

capabilities, define a controlled tool execution and decision validation process, and enhance the explainability, 

auditability, and reliability of the operations for cloud-native incident response with AI assistance. 

E. Contributions 

This paper makes five principal contributions. First, it suggests a production-safe automation based on classical 

SRE operational procedures and LLM-based reasoning that is grounded in a runbook. Secondly, it provides a 

structured way to represent runbooks for operations as executable decision workflows, which enable reliable 

incident diagnosis. Third, it provides a controlled execution mechanism to allow schema enforced execution of 

the tools and validated remediation actions to be performed. Fourth, it has a complete audit trail feature for 

enhanced transparency, compliance, and incident analysis. Lastly, the study offers a conceptual basis for trusted 

incident response with AI assistance, which should leverage the use of AI agents while maintaining operational 

oversight and control. 

 

II. BACKGROUND AND RELATED WORK 

A. Automating the Infrastructure and Operations function 

Standardizing operational processes, monitoring systems, and automated incident handling practices, Site 

Reliability Engineering (SRE) is now a cornerstone of cloud operations that focuses on reliability. Operational 

runbooks are key components of SRE practice, and they are collections of documented, proven and validated 

workflows for diagnosis, remediation, rollback and escalation for repetitive production incidents. These 

established protocols minimize the risk of the operation, and help engineers act in a consistent manner during 
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time-critical situations. Runbooks are increasingly important as cloud-native systems become more highly 

distributed and composed of microservices, making it necessary to coordinate incident response across services 

and a heterodox infrastructure [11]. 

Traditional runbooks, being simply a set of static documentation, have been extended with newer developments 

in the automation of cloud resources such as orchestration platforms and infrastructure-as-code pipelines [3, 12]. 

However, most implementations are still rule-based, and do not have any adaptive reasoning capabilities when 

facing new operational conditions. The concept of explainability for automated operational systems is also a key 

point highlighted by research in the field of industrial cyber resilience, as if the execution of the operations is 

not controlled, and there is a lack of compliance and explainability in the system, the recovery process may be 

unsafe [4]. The above observations indicate that current runbooks are good for giving operational guidance, but 

that there is a need for intelligent reasoning mechanisms that can adapt to dynamic production environments 

without affecting the safety of the production process. Table I presents the main features of the different 

operational paradigms to summarize the transition from traditional operations to operations assisted by AI in 

incident response. 

Table I Comparison of Operational Incident Response Approaches 

Approach Explainability Operational 

Safety 

Automation 

Level 

Production 

Readiness 

Manual SRE Runbooks High High Low High 

Rule-Based Automation High Moderate Moderate High 

Ungrounded LLM Agents Low Low Very High Limited 

Runbook-Grounded LLM 

Agents 

High High High High 

Source: Authors' synthesis based on [3], [4], [6], [11], [12] 

 

From the Table I, it can be seen that the traditional runbooks offer solid governance and operational safety, 

while the ungrounded LLM agents offer more automation and less explainability and production trust. The plan 

is to try to leverage the best of both world’s validated operational procedures, and context-aware reasoning, 

through the use of the proposed runbook grounded approach. 

B. LLM Agents for Cloud Operations 

Large Language Models (LLMs) have played a pivotal role in shaping the evolution of Artificial Intelligence for 

IT Operations (AIOps), empowering organizations to interact with their operational data, infrastructure 

telemetry, and cloud management platforms through natural language. Recent research has shown that LLMs 

are able to summarize alerts, understand log information, suggest remediation actions, and assist in 

infrastructure automation through the application of contextual reasoning [1, 5, and 13]. Autonomous 

operational agents also enhance these capabilities by means of planning, tool invocation, and decision support in 

cloud operations, minimizing manual work during incident response. 

Despite all these advances, however, the deployment of production is still limited by concerns over reliability 

and governance. LLM agents often make probabilistic inferences instead of providing deterministic operational 

policies, leading to more likely remediation actions which are hallucinated, commands on infrastructure which 

are not supported, and inconsistent decision making in the presence of uncertainty during the operational 

environment [6, 8]. While AI has helped enhance alert prioritization and alleviate analyst fatigue in Security 

Information and Event Management (SIEM) platforms, they still need reliable operational guidance to take 

automated actions that are correct in the production setting [2]. Similarly, work on AI governance and joint 

policy mechanisms highlights the need for transparency in the reasoning behind AI decision-making, 

accountability in its operation, and human supervision for its responsible use [7, 15]. The conventional 

operational automation and the proposed runbook based one are connected as shown in Fig. 1, emphasizing how 

structured operational knowledge constrains the AI reasoning. 
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Fig. 1. Conceptual evolution from conventional automation to runbook grounded LLM agents for production 

incident response 

Source: Authors' Design 

 

As illustrated in figure 1, runbook grounding acts as a middle layer of validation in between the AI reasoning 

and the actual execution. Instead of letting agents take any random autonomous action, validated runbooks 

restrict the agents' decision making based on the approved operational procedures, which increases 

explainability, consistency and production safety. 

C. Research Gap 

The current body of literature shows that there has been significant advancement in cloud automation, artificial 

intelligence (AI) based operations, automated remediation and intelligent infrastructure management [6] [9] [10] 

[13]. However, the majority of the research focused on intelligent decision production, and was comparatively 

underdeveloped with respect to production-safe execution. Research on deployment governance and operational 

resilience also emphasizes transparency, auditability and structured human oversight of AI's behavior but lacks a 

cohesive architectural approach that integrates these needs with, for instance, operational runbooks [14, 15, and 

8]. 

As a result, there is a big research gap between the flexible reasoning of contemporary LLM agents and the 

imperative of deterministic operation in incident response. The current solutions either focus on automation and 

lack necessary operation protection measures or are based on a static procedural documentation which is not 

contextually adaptable. This study aims to fill that gap by providing a runbook based LLM framework: a unified 

framework of structured operational knowledge, controlled tool execution, explainable reasoning and 

comprehensive audit generation in one production oriented architecture which can support safe autonomous 

incident response. 

III. RUNBOOK GROUNDED LLM FRAMEWORK 

A. Framework Architecture 

The intended runbook based LLM approach aims to integrate the reasoning power of LLM with the 

deterministic discipline of Site Reliability Engineering (SRE) runbooks. The proposed architecture seeks to 

incorporate several layers of validation in order to guarantee that every operational action is based on approved 

production procedures, whereas the conventional autonomous agents act directly on alerts and issue remediation 

commands. This design reduces hallucinated responses, limits autonomous decision making, and ensures 

consistency of operations while providing flexibility in a complex cloud-native environment. 
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The workflow starts with monitoring systems ingestion, log management systems ingestion, distributed tracing 

systems ingestion and infrastructure telemetry ingestion. The diverse operational signals are transformed into a 

common incident context before being sent to the LLM reasoning engine. The model does not send out arbitrary 

responses, but instead checks a runbook database of structured diagnostic runs, remediation steps, escalation 

policies and execution constraints, etc., which have been tested. Every subsequent reasoning step then follows 

the selected runbook, the LLM infers operational evidence, and it is constrained by a set of pre-established 

operational knowledge. Finally, when validated actions are executed, through controlled interfaces with the tool, 

all observations, decisions and executed commands are recorded in a comprehensive audit trail that will be 

analyzed in the future [2], [6], [11]. 

Fig. 2 shows the overall architecture, with an emphasis on how operational data sources, the reasoning engine, 

structured runbooks, execution validation and the generation of the audit interact. 

 
Fig. 2. Architecture of the proposed runbook grounded LLM framework for production safe incident 

response 

Source: Authors' Design 

As shown in Figure 2, the proposed framework does not allow direct interaction with the LLM and production 

infrastructure. Rather, structured runbooks are a layer of governance between the reasoning’s of the operation 

and the execution of the command of any infrastructure. This layered architecture adds to the explainability, 

reduces risk of harmful self-driven action and offers full traceability of the execution. 

B. Runbook Representation 

One key piece of the proposed structure is the ability to represent operational runbooks as structured, executable 

knowledge or knowledge models, instead of static documents. Standard runbooks are usually written in textual 

form and executed by operations engineers by hand, which leads to inconsistent operation during incidents in 

production. The proposed framework transforms these documents into machine-readable operational workflows 

consisting of diagnostic checkpoints, decision conditions, approved remediation actions, rollback procedures, 

escalation rules, and completion criteria. All operational steps are made visible as an explicit execution state 

which can be interpreted consistently by both the LLM agent and the orchestration platform [3, 10, and 12]. 

Use of runbooks as structured state transitions offers a number of engineering benefits. The first is that 

operational reasoning is made deterministic, meaning that all recommendations generated will have to be 

aligned with an approved runbook step. Secondly, schema validation guarantees that only allowed parameters 

are provided in infrastructure commands before they are executed. Thirdly, decision transparency is enhanced 

by having a direct link to an authorized operational procedure for every remediation action. Lastly, the 
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standardized representation of runs makes continuous maintenance easy, enabling that the operational 

knowledge is evolving with time and changing cloud architectures without changing the reasoning engine [4, 8]. 

C. Runbook Selection under Uncertainty 

Production incidents often involve incomplete, ambiguous or conflicting operational evidence. A number of 

alerts can come from the same infrastructure fault, and correlated failures can be found across distributed 

services, making it difficult to see the root cause. Thus, selecting an appropriate runbook for the job is far more 

complex than just matching keywords or determining if a rule is the "right" one. The proposed framework uses 

contextual reasoning to analyze incident metadata, impacted services, infrastructure dependencies, past 

observations and levels of confidence to determine the best operational workflow to implement. 

Instead of taking a single remediation path, the LLM assesses several potential remediation runbooks and 

decides if enough evidence exists for the operation to take them. If the level of confidence is low, execution of 

the framework will take precedence to additional diagnostic activities, which involve obtaining infrastructure 

metrics, queries of observability platforms or seeking further human validation. This is a progressive reasoning 

process that decreases the number of remediation attempts without compromising the operational accuracy 

under the uncertain production conditions [1], [5] and [13]. The fundamental tasks for each execution stage are 

listed in Table II. 

Table II Operational Stages within the Runbook Grounded Framework 

Framework Stage Primary Function Validation 

Mechanism 

Incident Context 

Collection 

Aggregate alerts, logs and telemetry Context normalization 

Runbook Selection Identify appropriate operational 

workflow 

Confidence evaluation 

Diagnostic Execution Verify operational state Rule-based validation 

Tool Invocation Execute approved remediation Schema enforcement 

Audit Generation Record observations and actions Complete traceability 

Source: Authors' Synthesis. 

Table II demonstrates it is not only during command execution that validation is applied, but is also used 

throughout the operational lifecycle. In the process of operation, the consistency of each processing step is self-

checked to minimize cumulative decision errors and enhance production safety. 

D. Structured Step Execution 

Once an appropriate runbook is selected the framework runs remediation procedures without allowing too many 

commands to be generated. Operational actions are represented by means of pre-defined execution schemas 

which include tools that can be used, parameters that are required, authorization conditions, and outcomes 

expected. Each command that is generated is schema validated before it is executed, ensuring that it has the 

correct syntax, scope of operation, full set of parameters, and meets policy requirements. When the commands 

do not meet the pre-defined execution constraints, they are automatically rejected and sent for further reasoning 

or human approval [6, 9]. 

This controlled execution model substantially enhances the operational reliability as compared to the 

autonomous agents without control. Only when the semantic reasoning requirements are met and deterministic 

operational constraints are satisfied, infrastructure modifications are made, which minimizes the chance of 

making unwanted changes or manipulating infrastructure in an unsafe manner. Furthermore, rollback procedures 

defined in the selected runbook give extra resilience because if the actions that are executed fail to achieve the 

desired operational state, they are automatically recovered. This controlled execution is very similar to today's 

cloud native approach to operational governance, which calls for automation that is transparent, predictable, and 

respects policy. [7, 11]. 

E. Audit Trail Generation 

To ensure trustworthy AI-driven incident response, it is crucial for the AI system to be transparent in its 

operations. As a result, the proposed framework provides a detailed audit trail, which captures all decision-

making activities. The audit record contains the context in which the incident occurred, operational evidence 

from the incident, selected runbook identifiers, diagnostic steps triggered, tools invoked, explanations generated, 
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validation results, remediation actions taken and human actions performed. The framework does not only 

capture the final operational outcomes, but also the entire line of reasoning behind all infrastructure decisions 

[8] and [14]. 

There are a number of practical benefits to comprehensive audit generation. First, engineers can recreate 

incident response activities in the post incident analysis (PIA), or root cause investigation (RCI). Second, 

compliance becomes more robust as each operational action is completely traceable to an approved runbook and 

supporting evidence of infrastructure. Third, historical audit data can serve as the basis for ongoing development 

of the runbook, the policies for operational governance, and the performance of the LLM in reasoning [7], [15]. 

Together, the four elements of the proposed architecture provide production oriented control, a mix of adaptive 

language model reasoning and deterministic operational control. The framework resolves the major safety and 

governance challenges of existing autonomous LLM agents, including the lack of a structured runbook, 

uncertainty-aware workflow selection, validated execution, and full auditability, while providing robust incident 

response capabilities in today's cloud native environments. 

 

IV. FRAMEWORK EVALUATION AND DISCUSSION 

A. Framework Evaluation 

The proposed runbook based LLM framework was tested by deploying it in a proof of concept context on a 

cloud-native microservices environment that simulates modern production environments. These four operational 

characteristics (operational safety, explainability, automation capability, and auditability) directly affect 

production readiness and were considered in the evaluation. The proposed framework takes a different approach 

than traditional autonomous LLM agents which execute remediation actions based on a probabilistic decision-

making process, by limiting all operations to validated runbooks before being executed. The layered design 

greatly enhances the consistency of execution and maintains the adaptive reasoning capability needed for the 

diagnosis of complex incidents [2], [6], and [11]. 

Normalizing an incident to a structured incident context and identifying and validating candidate runbooks 

during incident processing. Infrastructure actions were only performed via schema enforced tool interfaces after 

satisfying certain diagnostic conditions. For each execution step, an entire audit record with diagnostic evidence, 

selected runbooks, also commands executed, validation results, and operator interventions were produced. This 

not only minimized the ambiguity in the operations but also ensured that the decision traces were completely 

transparent, tackling many of the governance challenges highlighted by recent operational platforms using AI 

assisted tools [7, 8, 10]. The workflow used by the proposed framework is represented in the Fig.3, showing 

how the use of validated runbook execution limits the autonomous reasoning in the incident lifecycle. 

 
Fig. 3. Decision flow of runbook selection and execution 

Source: Authors' Design 
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Figure 3 shows that there is no direct link between autonomous reasoning and production execution. Instead, 

each remediation action goes through a series of validation steps that integrate contextual reasoning, structured 

operational knowledge and execution governance. This hierarchical decision making process reduces the 

number of unsafe infrastructure changes, enhances transparency and operational accountability.  

For comparative purposes, the conceptual evaluation of four approaches to incidents, discussed in this study, is 

summarized in Fig. 4. 

 
Fig. 4. Comparative operational characteristics of incident-response approaches 

Source: Authors' Design 

Based on the results shown in figure 4, the proposed framework brings a more balanced operational profile than 

the current ones. Manual runbooks are great for governance and explaining, but they involve some human 

interaction. Rule based automation helps to improve execution efficiency, but is unable to deal with incidents 

that it has never seen before. Ungrounded LLM agents have a high degree of automation potential but 

comparatively lower operational safety and explainability since the decision on remediation is made without any 

deterministic constraints. The proposed framework thus enhances automation, operational transparency, 

execution reliability and auditability [1], [3], [5] and [12] while putting in place structured runbook knowledge, 

along with the adaptive language model reasoning. 

B. Discussion 

The assessment illustrates that the power of advanced reasoning is not enough to operate production safe AI. 

Contextual intelligence, coupled with a structured operational governance framework to limit autonomous 

decision making on the basis of engineering practices that have been validated, is essential for effective incident 

response. The proposed framework doesn't replace any Site Reliability Engineering processes, but adds to them, 

enabling LLM agents to interpret operational evidence, and preventing any remediation action from straying 

from approved runbook procedures. The balance between adaptive reasoning and deterministic operational 

control is a practical road towards reliable operations of AI assistance in modern cloud infrastructures [4, 9, and 

13]. 

The framework's other key strengths are the focus on accountability. Generating a complete audit trail allows 

engineers to trace every operating decision, which could be useful when investigating incidents, meeting 

regulatory requirements, or enhancing operational understanding. This transparency further builds trust among 

the organization with AI driven automation, enabling human operators to review the process used to make the 

decision before or after its implemented [14]. Moreover, the modular architecture allows organizations to add or 

remove runbook repositories without changing the reasoning engine, allowing for more maintainable and 

adaptable solutions in the long term with heterogeneous cloud environments [15]. 
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While the framework does go a long way to strengthening operational governance, it relies on the quality and 

comprehensiveness of the runbook library that supports it. Even if there is good validation, the reasoning can be 

limited because of outdated operational procedures or incomplete diagnostic procedures. Further improvements 

in the autonomous decision quality of production systems should include using adaptive runbook evolution, 

learning from past incidents in real time, and better integration with real time observability platforms to enhance 

autonomous decision quality while maintaining production safety. These instructions further drive the practical 

use of runbook-based LLM agents as reliable, next-generation cloud operations elements. 

 

V. CONCLUSION 

In this paper, the authors tackle the problem of running a Large Language Model (LLM) agent to handle 

production incident response in cloud native environments, all the while adhering to SRE best practices for 

operational safety, reliability, and governance. While the use of LLM based automation for incident analysis and 

operational decision support has made significant strides in recent years, autonomous reasoning without 

supervision remains fraught with potential pitfalls, including hallucinated remediation actions, variable 

implementation and explainability. To tackle these challenges, this work introduced a runbook grounded LLM 

framework that combines structured operational runbooks with adaptive language model reasoning via four 

complementary components: structured runbook representation, uncertainty aware runbook selection, schema 

enforced step execution and comprehensive audit trail generation. Taken together, they offer a convenient way 

to enhance production safety, transparency and accountability for decisions, and flexibility as needed for current 

cloud operations [6, 8, and 11]. 

The proposed framework not only advances the way trusted operational knowledge can effectively guide 

autonomous reasoning, but also how it can do so without sacrificing the value of intelligent automation. The 

framework is a deterministic procedure that adds context to the process to enhance explainability, governance, 

and reliability in cloud-native incident response workflows [2, 7, and 12]. The architectural view aligns with the 

need for mainstreaming the use of AI powered operational assistant across settings where service accessibility, 

adherence to regulations, and risk mitigation are key engineering goals. 

The framework is a conceptual one and has not yet been fully validated by a large deployment in various 

production environments. Therefore it is dependent on the quality, completeness and ongoing maintenance of 

the underlying runbook repository, as well as timely, accurate operational telemetry.  

Future research should explore adaptive runbook evolution and evolution through continuous learning from 

historical incidents, more tightly integrating runbooks with real time observability platforms, auto-generating 

and validating runbooks based on historical observability data, and collaborative multi-agent architectures that 

are able to coordinate diagnosis, remediation, and verification across large scale distributed cloud 

infrastructures. This will further enhance the reliability, scalability, and use of production safe LLM agents in 

next generation cloud operations [13, 15]. 
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