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Abstract: Site Reliability Engineering (SRE) teams rely on runbooks to help them troubleshoot and manage incidents, but traditional 

runbooks can be rigid, outdated, and hard to maintain - especially in fast - evolving tech environments. This paper explores how 

integrating AI - assisted runbooks, powered by structured prompts, can make incident response faster, more efficient, and more reliable. 

We present a framework that uses Large Language Models (LLMs) and structured prompting to create flexible, context - aware 

troubleshooting guides. Techniques like few - shot prompting, chain - of - thought reasoning, and self - refinement are key to this 

approach.  
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1. Introduction 
 

Site Reliability Engineering (SRE) focuses on keeping 

modern IT systems reliable, scalable, and efficient. A key tool 

in the SRE toolkit is the runbook—structured guides that 

outline step - by - step instructions for handling common 

incidents. But traditional runbooks come with their fair share 

of challenges:  

• Static Nature: Runbooks often become outdated and don’t 

adapt well to changes in system architecture  

• Time - consuming usage: Engineers must manually dig 

through them to find the right troubleshooting steps.  

• Limited context Awareness: The solutions provided are 

often too generic and don’t always fit the specifics of a real 

- time incident.  

 

With the rise of Artificial Intelligence (AI) and Natural 

Language Processing (NLP), especially Large Language 

Models (LLMs), there’s now a chance to rethink how 

runbooks work. AI - assisted runbooks can automate, update, 

and refine troubleshooting processes on the fly, using 

structured prompts to make them smarter and more adaptable.  

In this paper, we explore how structured prompting can make 

AI - assisted runbooks more accurate, efficient, and 

responsive to changing conditions. We introduce a prompt 

engineering framework designed to optimize AI - generated 

troubleshooting steps, ultimately improving system reliability 

and streamlining incident resolution.  

 

2. Related Work 
 

Traditional Runbooks in SRE: Runbooks have traditionally 

been maintained as static documentation or scripts, aiding 

engineers in diagnosing and resolving system failures. Studies 

on automated runbook execution suggest that machine - 

assisted remediation can reduce human error but often lacks 

real - time adaptability.  

 

AI in Incident Management: Recent advancements in AI for 

IT Operations (AIOps) have led to models capable of log 

analysis, anomaly detection, and root cause analysis (RCA)). 

However, these models struggle with explainability and 

adaptability, requiring prompt optimization to generate 

reliable outputs.  

 

Prompt Engineering in AI Systems: Prompt engineering 

techniques such as few - shot learning and chain - of - thought 

reasoning have demonstrated improved LLM accuracy in 

problem - solving tasks. Our work applies these structured 

prompting techniques to AI - assisted runbooks, ensuring 

effective and context - aware troubleshooting.  

 

a) Few - Shot Learning 

Few - shot learning is a machine learning approach that 

enables models to perform tasks using only a limited number 

of training examples. By leveraging prior knowledge and 

patterns from related tasks, models can generalize effectively 

without requiring large datasets. This technique is particularly 

useful in the context of Large Language Models (LLMs), 

where a few examples embedded within the prompt can guide 

the model to produce accurate and relevant outputs.  

 

b) Chain - of - thought reasoning 

Chain - of - thought reasoning is a technique in machine 

learning, particularly within Large Language Models 

(LLMs), that enables models to solve complex problems by 

generating intermediate, logical steps leading to the final 

answer. Rather than providing a direct response, the model 

systematically breaks down the problem, mimicking human - 

like reasoning processes. This approach has been shown to 

enhance model performance and accuracy, especially in tasks 

that require multi - step reasoning, such as mathematical 

problem - solving, logical inference, and decision - making.  

 

3. Methodology 
 

We propose a three - layer AI - assisted runbook framework, 

integrating structured prompt engineering techniques to 

improve incident response workflows.  
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Framework Overview 

 

Layer 1: Data Collection & Preprocessing 

 

Input Sources: System logs, monitoring dashboards, 

historical incident reports.  

Processing Mechanism: NLP - based log analysis, anomaly 

detection, event correlation.  

Prompt Generation: Dynamically constructed structured 

prompts for troubleshooting.  

 

 
 

Layer 2: AI - Powered Runbook Execution 

 

Incident Classification: A General Incident Classification 

Prompt is a structured input designed to help AI models (like 

Large Language Models) automatically categorize incidents 

in infrastructure operations based on logs, metrics, or system 

events. The prompt guides the AI to analyze the provided data 

and classify the incident into predefined categories such as 

hardware failure, network issue, software bug, etc.  

 

Root Cause Analysis (RCA) with Chain - of - Thought 

Prompting: Root Cause Analysis (RCA) with Chain - of - 

Thought Prompting leverages structured, step - by - step 

reasoning to help Large Language Models (LLMs) identify 

the underlying causes of incidents in infrastructure 

operations. This technique improves diagnostic accuracy by 

guiding AI to analyze logs, metrics, and events systematically, 

correlating patterns to pinpoint issues like network failures, 

software bugs, or resource exhaustion. It enhances 

transparency by providing clear explanations for each step in 

the analysis, making AI - generated RCA reports more 

trustworthy and actionable. RCA prompts can also include 

remediation suggestions, accelerating incident resolution and 

reducing system downtime. While highly effective, 

challenges like prompt sensitivity and potential AI 

hallucinations require careful prompt design and human 

oversight.  

 

Remediation Recommendation Using Few - Shot 

Prompting: Remediation Recommendation Using Few - Shot 

Prompting involves guiding Large Language Models (LLMs) 

to suggest solutions for incidents by providing a few example 

scenarios and their corresponding resolutions. This technique 

helps the AI generalize from limited data, allowing it to 

recommend accurate and context - aware remediation steps 

for new, similar issues. For instance, by showing examples of 

how high CPU usage or database timeouts were previously 

resolved, the model can propose targeted solutions like 

scaling resources or optimizing queries. This approach 

enhances incident response efficiency, reduces mean time to 

resolution (MTTR), and minimizes the need for manual 

troubleshooting. However, to ensure reliable outputs, prompts 

must be carefully crafted, and model suggestions should be 

validated to avoid inaccurate or risky remediation steps.  

 

Layer 3: AI - Enhanced Runbook Delivery 

 

Adaptive Runbooks: AI dynamically updates documentation 

by analyzing real - time incidents, automatically 

incorporating new troubleshooting steps and solutions as they 

occur. This ensures that runbooks and operational guides 

remain current, accurate, and reflective of the latest system 

behaviors and resolutions.  

 

ChatOps Integration: An AI - driven chatbot offers 

interactive troubleshooting recommendations by analyzing 

real - time system data and guiding users through step - by - 

step solutions. It enhances incident response by providing 

contextual, on - demand support, reducing the need for 

manual intervention.  

 

Self - Learning Models: AI refines prompts by incorporating 

engineer feedback and analyzing incident outcomes to 

improve the accuracy and relevance of future responses. This 

continuous learning process enhances the system's ability to 

provide more effective troubleshooting and remediation 

recommendations over time.  

 

4. Prompt Tuning 
 

To improve the relevance, accuracy, and consistency of 

outputs from Large Language Models (LLMs), it’s important 

to fine - tune prompts through an iterative process. This 

involves carefully designing and refining the inputs provided 

to the model. While prompt engineering focuses on creating 

clear, structured prompts to guide the model’s behavior, 

prompt tuning goes a step further by continuously adjusting 

these prompts based on how the model responds. This is 

especially important in AI - assisted runbooks, where precise 

troubleshooting steps and context - specific solutions are 

critical. Techniques like few - shot learning, chain - of - 

thought reasoning, and structured prompting can improve 

performance, but challenges such as prompt sensitivity and 

inconsistent outputs still exist. To get reliable results, prompt 

tuning requires ongoing testing and adjustments. As AI 

continues to advance, automated and adaptive prompt tuning 

will play a key role in optimizing performance and ensuring 

dependable outputs in increasingly complex environments.  

 

5. Challenges & Limitations 
 

Prompt Sensitivity: One of the key challenges in using AI - 

assisted runbooks is the high sensitivity of Large Language 

Models (LLMs) to prompt variations. Even minor changes in 

wording, phrasing, or structure can significantly affect the 

quality and accuracy of the model’s output. This 

inconsistency makes it difficult to standardize prompts across 

different scenarios, leading to variable performance in 

troubleshooting procedures. For instance, a slight rewording 

of a troubleshooting query might yield incomplete or less 

relevant solutions, which could delay incident resolution. 

Ensuring prompt consistency and fine - tuning for optimal 

responses becomes a time - consuming task, requiring 

continuous adjustments and testing.  

 

AI Hallucination: Another major limitation is the 

phenomenon known as AI hallucination, where LLMs 

generate outputs that are factually incorrect, irrelevant, or 
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entirely fabricated. In the context of AI - assisted runbooks, 

this can result in the suggestion of inappropriate or misleading 

remediation steps that do not align with the actual issue at 

hand. Such inaccuracies can not only waste valuable time 

during incident management but may also introduce new risks 

if incorrect steps are followed without verification. The 

reliance on AI outputs thus necessitates a layer of human 

oversight to validate and cross - check recommendations 

before implementation.  

 

Integration Complexity: Incorporating AI - assisted runbooks 

into existing SRE workflows presents significant integration 

challenges. Traditional systems and processes often need to 

be restructured to accommodate AI - driven decision - 

making, which can require substantial time, resources, and 

expertise. Teams may face compatibility issues with legacy 

infrastructure, necessitating additional customization or 

middleware solutions to bridge the gap. Moreover, adapting 

workflows to align with AI recommendations might involve 

retraining staff, redefining incident management protocols, 

and overcoming resistance to change within teams 

accustomed to manual troubleshooting processes. This 

complexity can slow down adoption and limit the immediate 

benefits of AI - enhanced solutions.  

 

6. Conclusion 
 

AI - assisted runbooks, powered by structured prompting 

techniques, have the potential to greatly enhance the 

efficiency and effectiveness of incident response in SRE 

workflows. By using methods like few - shot learning, chain 

- of - thought reasoning, and self - refinement, AI can 

dynamically generate tailored troubleshooting steps that 

reduce Mean Time to Resolution (MTTR) and improve 

overall system reliability. These advancements help 

streamline problem - solving processes, allowing teams to 

respond to incidents faster and with greater accuracy. 

However, several challenges remain, including the sensitivity 

of AI to prompt variations, the risk of AI hallucinations 

producing incorrect suggestions, and the complexities 

involved in integrating these systems into existing workflows. 

Addressing these issues will require further research to 

improve the reliability and adaptability of AI - assisted tools. 

Future efforts should focus on developing self - optimizing 

prompts, incorporating multi - modal data sources for more 

comprehensive analysis, and creating hybrid workflows that 

effectively combine AI capabilities with human expertise.  
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