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ABSTRACT

This research explores the application of large language models (LLMs) in automating the creation of Ansible playbooks. We examine how AI-powered
tools like IBM's watsonx Code Assistant for Red Hat Ansible Lightspeed leverage natural language processing to generate infrastructure-as-code from plain
English prompts. The study investigates the effectiveness of these systems in reducing development time, improving code quality, and lowering the barrier
to entry for IT automation. Our analysis covers the underlying LLM architecture, prompt engineering techniques, and integration with existing DevOps
workflows. Experimental results demonstrate significant productivity gains, with Al-generated playbooks requiring 40% less time to develop compared
to manual authoring. However, we also identify limitations around complex logic and enterprise-specific requirements. The findings suggest AI assistants
show promise in accelerating routine automation tasks, but human oversight remains crucial for production-grade playbooks.
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Introduction

Infrastructure-as-code (IaC) has revolutionized IT operations by
enabling the programmatic management of systems and networks.
Ansible, as a popular IaC tool, allows administrators to define
infrastructure configurations and automate deployment processes
using YAML-based playbooks. However, creating effective Ansible
playbooks often requires specialized knowledge of both the target
systems and Ansible's domain-specific language.

The emergence of large language models (LLMs) trained on vast
corpora of code has opened new possibilities for automating software
development tasks. These Al models can understand natural language
descriptions of desired functionality and generate corresponding code
snippets. Recently, this capability has been extended to the domain
of IT automation and infrastructure management.

This research examines how LLM-powered tools can assist developers
in rapidly generating Ansible playbooks from high-level requirements
expressed in natural language. We focus on IBM's watsonx Code
Assistant for Red Hat Ansible Lightspeed as a case study of this
emerging technology.
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The Potential Benefits of AI-Assisted Playbook Creation are
Numerous

*  Reduced development time for common automation tasks

+  Improved code quality and adherence to best practices

*  Lower barrier to entry for organizations adopting IT automation
»  Faster prototyping and iteration of infrastructure designs

However, Several Challenges Must be Addressed for these

Systems to be Truly Effective in Enterprise Environments

* Ensuring generated code is secure, efficient, and follows
organizational standards

*  Handling complex logic and edge cases that may not be captured
in training data

» Integrating Al assistants into existing DevOps workflows and
approval processes

This study aims to evaluate the current state of LLM-based Ansible
playbook generation, identify its strengths and limitations, and explore

future directions for improvement.
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Background and Related Work

The application of Al to software development has a rich history, with
early efforts focusing on rule-based systems and expert knowledge
bases. More recently, the field has been transformed by advances in
machine learning and natural language processing.

Code Generation from Natural Language

Research into generating code from natural language descriptions
dates to the early 2000s. Early approaches relied on semantic parsing
and domain-specific languages. The advent of deep learning and
transformer architectures led to more flexible and powerful models
capable of understanding and generating code across multiple
programming languages [1,2].

LLM-powered Code Interpreters

Large Language Models for Code

The development of large language models trained on code
repositories, such as OpenAl's Codex and GitHub's Copilot, marked
a significant leap forward in Al-assisted programming. These models
demonstrated the ability to generate functionally correct code snippets
and even complete functions based on docstrings or natural language
comments [3].

Al in DevOps and Infrastructure Management

While much attention has focused on application development, the
use of Al in infrastructure management and DevOps practices is a
more recent development. Early work in this area included using
machine learning for anomaly detection in system logs and predictive
maintenance of IT infrastructure.
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Ansible and Infrastructure-as-Code

Ansible, developed by Red Hat, has become a popular tool for
infrastructure automation due to its simplicity and agentless
architecture. Ansible playbooks, written in YAML, define a series
of tasks to be executed on remote systems. The declarative nature
of Ansible playbooks makes them well-suited for generation by Al
models.

IBM Watsonx Code Assistant for Red Hat Ansible Lightspeed
IBM's watsonx Code Assistant, specifically tailored for Ansible,
represents a convergence of LLM technology with infrastructure
automation. This tool uses a specialized version of IBM's Granite
LLM, fine-tuned on a large corpus of Ansible playbooks and IT
automation code [4,5].

Implementation Overview
The Al-assisted Ansible playbook generation system consists of

several key components working in concert
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Figure 2: High-level Architecture of Al-Assisted Playbook
Generation System
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The NLU Module Processes the User's Input Prompt, Extracting
Key Information Such as

*  Target infrastructure components

*  Desired configuration states

*  Specific actions or tasks to be performed

This information is then structured into a semantic representation
that can be used to guide the code generation process.

Ansible Domain Knowledge Base

A comprehensive knowledge base of Ansible modules, best practices,
and common patterns is maintained to inform the code generation
process. This ensures that generated playbooks adhere to Ansible
conventions and leverage appropriate modules for specific tasks.

Code Generation LLM

The core of the system is a large language model fine-tuned on Ansible
playbooks and related infrastructure-as-code. This model takes the
structured input from the NLU module and generates corresponding
YAML code for the Ansible playbook.
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Pseudo-Code for the Generation Process

def generate_playbook(user_prompt):
structured_input = NLU_module.process(user_prompt)

context = knowledge_base.get_relevant_info(structured_input)

generated_code = LLM.generate(
prompt=structured_input,
context=context,
max_tokens=

return generated_code

Playbook Validation and Refinement

The generated playbook undergoes a series of validation checks:
*  Syntax validation

*  Best practices compliance

*  Security checks

*  Idempotency analysis

Any issues detected are fed back to the LLM for refinement, creating
an iterative improvement loop.

The system also incorporates a feedback mechanism where human-
made corrections and improvements are used to continually fine-tune
the underlying model.

Experiments and Evaluation

To assess the effectiveness of the Al-assisted playbook generation
system, we conducted a series of experiments comparing it to
traditional manual development methods.

Methodology

We selected 50 common IT automation tasks of varying complexity,
ranging from simple server configurations to multi-tier application
deployments. Each task was attempted using both manual playbook
writing and the Al-assisted approach.

Metrics collected included:

*  Time to complete playbook

*  Number of syntax errors

*  Adherence to best practices (scored by expert review)

*  Success rate in achieving desired configuration

Results
Metrie Manual Development Al-Assisted Improvement
Avg. Development Time (min) 453 272 40%
Syntax Errors per Playbook 27 08 70%
Best Practices Score (0-10) 68 85 25%
Success Rate 88% 92% 4.5%

The Al-assisted approach showed significant improvements across
all measured metrics. Particularly notable was the reduction in
development time and syntax errors.
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Figure 3: Comparison of Development Time for Manual vs. Al-
Assisted Playbook Creation

Limitations

While the Al system performed well on common tasks, it struggled
with highly specialized or organization-specific requirements. In these
cases, human expertise was still required to refine and customize the
generated playbooks.

Additionally, the system occasionally produced overly verbose or
inefficient code, particularly for tasks that could be accomplished
more elegantly with advanced Ansible features like roles and includes.

Conclusion

This research demonstrates the potential of large language models
in automating the creation of Ansible playbooks. The Al-assisted
approach showed significant improvements in development speed
and code quality for common IT automation tasks.

Key Findings Include

40% reduction in playbook development time

This significant time saving is a crucial benefit of Al-assisted playbook
creation. To put this into

Perspective

»  Foraplaybook that typically takes 10 hours to develop manually,
the Al-assisted approach would reduce this to about 6 hours.

»  This time reduction allows DevOps teams to be more agile,
responding faster to infrastructure changes and new requirements.

»  Thesaved time can be redirected to more complex tasks, strategic
planning, or additional testing and refinement.

»  Factors contributing to this time reduction include:

»  Rapid generation of boilerplate code

*  Automatic selection of appropriate Ansible modules

*  Reduced time spent on documentation lookups
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70% fewer syntax errors in initial playbook drafts
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This Dramatic Reduction in Syntax Errors is a Major Euality

Improvement Consider

* Inatypical 100-line playbook, if manual creation results in 10
syntax errors, Al-assisted creation would reduce this to about
3 errors.

*  Fewer syntax errors mean less time spent on debugging and
troubleshooting.

»  This improvement leads to smoother initial testing and faster
iteration cycles.

»  Reasons for this improvement include:

* Al models' deep understanding of YAML syntax and Ansible
structure

*  Consistency in code generation

*  Incorporation of best practices in syntax and structure

*  25% improvement in adherence to best practices

*  This enhancement in following best practices is crucial for
maintaining high-quality, maintainable infrastructure code. To
illustrate:

*  Ifmanual playbooks score 7/10 on a best practices assessment,
Al-assisted playbooks would score around 8.75/10.

*  Better adherence to best practices leads to more robust, scalable,
and maintainable infrastructure code.

*  This improvement can result in fewer issues during scaling or
when handling edge cases.

These results suggest that Al assistants can be valuable tools for both
experienced Ansible users and those new to infrastructure-as-code. By
handling routine aspects of playbook creation, these systems allow
developers to focus on higher-level architecture and complex logic.

However, it's important to note the limitations of current Al-based
solutions. Human oversight remains crucial, particularly for enterprise-
grade deployments and specialized use cases. The technology is best
viewed as an augmentation of human expertise rather than a complete
replacement.

Future Work Should Focus on
Improving the handling of complex, multi-step automation workflows

Enhancing the system's ability to incorporate organization-specific
practices and requirements

Developing better integration with existing DevOps tools and
processes

As LLM technology continues to advance, we can expect even more
sophisticated Al assistants that further streamline the infrastructure
automation process. This evolution promises to make powerful
IT automation techniques more accessible to a broader range of
organizations, potentially accelerating the adoption of DevOps
practices across industries.
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