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Abstract

MLOps (Machine Learning Operations) and its application to Reinforcement Learning (RL) involve various challenges when
integrating Machine Learning and RL models into production systems, entailing considerable expertise and manual effort, which
can be error-prone and obstruct scalability and rapid deployment. We propose a new approach to address these challenges in
generating MLOps pipelines. We present a low-code, template-based approach leveraging Large Language Models (LLMs) to
automate RL pipeline generation, validation and deployment. In our approach, the Pipes and Filters pattern allows for the fine-
grained generation of MLOps pipeline configuration files. Built-in error detection and correction help maintain high-quality output
standards.

To empirically evaluate our solution, we assess the correctness of pipelines generated with seven LLMs for three open-source
RL projects. Our initial approach achieved an average error rate of 0.187 across all seven LLMs. OpenAl GPT-4o0 performed
the best with an error rate of just 0.09, followed by Qwen2.5 Coder with an error rate of 0.15. We implemented a single round
of improvements to our implementation and low-code template. We reevaluated our solution on the best-performing LLM from
the initial evaluation, achieving perfect results with an overall error rate of zero for OpenAl GPT-40. Our findings indicate that
pipelines generated by our approach have low error rates, potentially enabling rapid scaling and deployment of reliable MLOps
for RL pipelines, particularly for practitioners lacking advanced software engineering or DevOps skills. Our approach contributes
towards demonstrating increased reliability and trustworthiness in LLM-based solutions, despite the uncertainty hitherto associated
with LLMs.

Keywords: MLOps, RLOps, machine learning, reinforcement learning, low-code development, large language models, automated
pipeline generation

1. Introduction need for methodologies that can automate and simplify the cre-
ation of production pipelines for MLOps, reducing reliance on
extensive, specialised DevOps and software engineering ex-
pertise [2| 6]. The application of MLOps to Reinforcement
Learning (RL) is sometimes called RLOps [7], and although
MLOps refers specifically to ML tasks, it equally applies to RL
in the form of RLOps [, [9]. In this paper, we focus on RL
pipelines. However, since RLOps is a specialised version of
MLOps and has not yet fully gained widespread terminologi-
cal adoption, and the proposed approach can be equally applied
to both MLOps and RLOps, we mostly use the term “MLOps”
unless the distinction is relevant.

This paper addresses the challenges described above (man-
ual effort, inefficiencies, error-proneness, scalability, deploy-
ment velocity, automation and expertise) by proposing a novel
approach to automating MLOps CI/CD (Continuous Integra-
tion/Continuous Delivery) pipeline generation by implementing
the Pipes and Filters pattern [[10] to apply few-shot prompting
and prompt chaining [11], error detection and retries to guide

Machine Learning Operations (MLOps) [1] refers to the au-
tomated provisioning of Machine Learning (ML) models by im-
plementing repeatable workflows. These workflows help to en-
sure process reproducibility and can potentially mitigate risks
associated with model management and deployment [2, [3]]. De-
spite noteworthy progress in MLOps, critical challenges remain
in integrating ML models into production systems. Conven-
tional methods often require considerable manual effort to tran-
sition ML scripts from experimental environments, like com-
putational notebooks in Google Colaqﬂ or Project JupytetE]>
primarily used by data scientists, to production-ready deliv-
ery pipelines [4]. This manual hand-off creates inefficiencies
and increases the likelihood of errors, obstructing scalability
and rapid deployment [5]. Consequently, there is a pressing
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MLOps CI/CD pipeline specifications for the RL lifecycle.

Our method employs a low-code approach grounded in
template-based, natural language specifications. More specif-
ically, a textual generation template is provided that can be
adapted with natural language-based specifications to guide the
practitioner, and coding knowledge is needed only to review
inputs and generated artefacts.

Our approach is designed to automatically generate, validate,
and deploy RL pipelines. It utilises LLMs to facilitate the gen-
eration of production-level systems from initial RL scripts and
generation requirements specified by the user. These models,
specialised through prompt engineering techniques and inte-
grated with supporting components, provide modular and flex-
ible automation suited to different deployment contexts.

The modular architecture of our approach employs the Pipes
and Filters pattern, orchestrating the flow between various
LLM-based generation modules and supporting components.
Each module specialises in discrete tasks, such as creating
Dockerfiles, generating CI/CD pipelines, or issue detection.
The architectural design provides quality assurance in various
tasks, including generation retries, linting, running validation
tasks and automated error correction, enhancing the reliability
of the generated pipelines.

In addition, the natural language—based specification sup-
ports this generation architecture, enabling non—software engi-
neering experts, such as data scientists and domain specialists
(e.g. in cyber-physical production systems (CPPSs) [12}[13] or
security), to actively contribute to pipeline development - as-
suming that supporting infrastructure will be provided to them
- and offers an alternative to manually writing pipeline spec-
ifications and using LLM code completions, since it obviates
the need for specialist knowledge of how to structure spe-
cific pipeline configuration implementations. Although a for-
mal user study is planned for future work, early feedback from
demonstrations with our industry project partner indicates that
domain specialists can use our solution to author and refine
pipeline descriptions without prior LLM and expert MLOps ex-
pertise to generate reliable GitLab pipeline configuration files.
Our industry project partner is a large multinational technology
company providing production automation solutions for smart
factories. Its employees develop RL-based Industry 4.0 [14]]
CPPSs, including manually-written MLOps pipeline configura-
tions for RL, and manage their own infrastructure.

Our solution accommodates many pipeline architectures,
from straightforward CI/CD pipelines dedicated to training and
evaluation to more detailed Dockerised pipelines that involve
comprehensive testing, error handling, artefact management
and deployment. Thus, both standard and advanced practices
are catered for.

We evaluate three open-source RL examples and compare the
capabilities of seven LLMs to assess our approach. Our em-
pirical evaluation compares the performance of our automated
pipeline generation against expected pipelines, focusing on fac-
tors such as error rates and execution success.

Specifically, we aim to answer the following research ques-
tions:

e RQ1 How accurately can a low-code, template-based
modular flow approach — leveraging LLM:s for generation
and validation — produce correct MLOps pipeline config-
urations for RL?

¢ RQ2 How accurately do different LLMs generate MLOps
pipeline configurations for RL, and what are their limita-
tions?

Our work makes two significant contributions. Firstly, we
implemented a modular flow architecture based on the Pipes
and Filters pattern. This flexible yet powerful design means that
specific components have well-defined responsibilities, making
our approach efficient and precise. Our implementation also
provides retry, validation, and error correction features, leading
to high reliability of generated pipelines. Secondly, our low-
code, extensible template-based approach allows for guided,
convenient, powerful, user-friendly natural language specifica-
tions to describe and design pipeline architecture steps, allow-
ing stakeholders without software engineering or DevOps skills
to participate in the development process in a cross-disciplinary
fashion. All project artefacts, including the implementation, are
available in our Zenodo replication package [15].

The rest of the paper is organised as follows. In Section [2]
we describe MLOps CI/CD pipeline architectures, and in Sec-
tion [3] we discuss related studies and compare them with our
work. Section ] presents the approach we adopted in this study
and provides an illustrative example of the approach in action.
Section 5] describes our study objects, scenarios and evaluation
variables. Section [6] details our initial results, and Section
describes the improvements we made to our solution and the
results of our reevaluation. Section [§] describes how our solu-
tion can be integrated into an industrial setting, and in Section[9]
we discuss our results in the context of our research questions.
In Section [I0] we consider potential threats to the validity of
our study. Finally, Section [TT| summarises the paper.

2. Background

This section provides background on ML, RL and tasks as-
sociated with the RL workflow when creating MLOps pipelines
relevant to this study. We also describe aspects of MLOps and
MLOps CI/CD pipeline architecture pertinent to this paper.

2.1. Reinforcement Learning

ML and RL [16]] use different approaches to their operational
methods. ML uses supervised, semi-supervised or unsuper-
vised learning techniques to extract predictions from data, and
RL trains agents for sequential decision-making through envi-
ronmental interactions and reward-based feedback. The pro-
cess requires agents to describe their problem, states, actions,
and the definition of a reward system. Continuous performance
enhancement follows an iterative training process, which starts
by setting up an environment and then defining a policy for
model training algorithms before hyperparameter adjustment
and policy evaluation. Differences between ML and RL war-
rant acknowledgement during the development of MLOps sys-
tems and CI/CD pipelines aimed at automation. For example,



RL uses complex model architectures and distribution strate-
gies and practices such as model checkpoints, which impose
requirements on system architecture and necessitate a check-
point management system affecting data storage, retrieval and
deployment mechanics [8]].

Since this study focuses on CI/CD pipelines for RL, and
we involve minimal external components for the RL projects
we use, the RL details are confined to the source code of the
RL scripts executed at various stages of the defined CI/CD
pipelines. Hence, we are concerned with a higher level of ab-
straction than the low-level implementation details — we are
more interested in the nature and order of the executed RL
pipeline stages. Pipeline architecture is discussed in detail in
Section 2.2

2.2. MLOps CI/CD Pipeline Architecture

MLOps is an all-encompassing approach to the ML work-
flow [17] and includes such activities as model training, de-
ployment and the management of ML models in production
environments [18]], defining processes and practices for model
lifecycles. It has much in common with DevOps [19] 20] since
it concerns process automation and integration, and the use of
CI/CD in the build and deployment process.

This study focuses only on CI/CD-relevant [21} 22] aspects
of MLOps. CI (Continuous Integration) refers to changes to the
codebase being tracked, tested and reported to ensure the cor-
rectness of the code and to provide fast feedback whenever a
change to the codebase breaks the project. CD (Continuous De-
livery) builds upon CI and involves the (semi-)automatic pack-
aging and deployment of software to facilitate frequent, low-
friction releases. Other aspects of relevance to CI/CD include
software builds, environment provisioning, and various testing
processes.

We concentrate on automating the RL models’ build, train-
ing and deployment process. ML-specific practices, which one
would expect to find in CI/CD pipelines for ML [17, 23], are
excluded since they are irrelevant to RL. Such practices in-
clude, for instance, data preprocessing (data validation, data
cleaning, feature engineering and data transformation). Lim-
iting the scope in this way means that the focus of the study
leans towards CI/CD pipeline configuration for RL, although
the approach can also be applied to ML.

The MLOps CI/CD pipeline architecture contains various
well-defined stages, most of which run automatically, accelerat-
ing the process of creating and deploying ML models. A typical
MLOps CI/CD pipeline architecture for RL is depicted in Fig-
ure[I} It consists of five key stages that are of relevance to this
study — testing, model training, model testing, model evalua-
tion and model deployment. The testing stage focuses on source
code. It may invoke various test types, such as unit tests, inte-
gration tests, performance tests, security scans and static source
code analysis. Unit tests check the implementation for correct-
ness, whereas integration tests verify the interaction between
different components. Performance tests evaluate the system’s
performance metrics, and security scans identify potential vul-
nerabilities. Static analysis evaluates code for possible prob-
lems during the non-execution of the program.

During the model training stage, automatic training of the
RL model takes place using specified algorithms. This stage
also provides a model artefact for subsequent phases.

The model testing stage performs validation of the trained
model according to predefined criteria. It also checks whether
the model meets the specified criteria before it proceeds to the
model evaluation phase.

The model approaches deployment readiness as the model
evaluation stage determines its operational performance. Key
activities in this stage may include evaluation via suitable met-
rics to measure model performance and A/B testing as an al-
gorithm for deciding which version produces maximal perfor-
mance results. Stress testing can also reveal a model’s abili-
ties during critical conditions. Finally, predictive performance
checks may check the model’s predictive capabilities.

The final MLOps CI/CD pipeline stage — model deployment
— entails deployment of the model to one or more operational
platforms within associated target environments. A staging en-
vironment allows users to conduct final testing steps. After sat-
isfying all the testing criteria and verification requirements, the
model can be deployed to a production environment. Deploy-
ment to a production environment enables clients to use the
model. Blue-green deployment allows a new model version to
be deployed alongside existing versions. Another deployment
option is canary deployment, in which a new model version is
deployed to a minimal number of clients before finally being
fully rolled out. Deployment to a specific environment can be
automatic or executed with minimal manual intervention (typi-
cally a single click by a human operator within the CI/CD plat-
form).

The pipeline definitions used in the open-source projects in
the study only use a subset of the functions described above. To
focus on the core stages and activities within the pipeline archi-
tecture, we also omit many of the details described above in Fig-
ure [l We exclude external collaborating components such as
source code repositories, metadata stores, model registries and
feature stores, and deployment environment practices such as
environment provisioning, model performance monitoring and
drift detection. Furthermore, pipeline triggers, such as the trig-
gering of a pipeline upon a change to the codebase, are also left
out since they are not defined within the CI/CD pipeline config-
urations but externally. Finally, some solutions may implement
pipeline stages or activities irrelevant to this study, such as those
for packaging or containerisation of deployment models.

3. Related Work

This section describes related work, covering MLOps and RL
in a CI/CD context and using LLMs for code generation.

3.1. Related Work on MLOps and ML in a CI/CD Context
MLOps is widely used as it seeks to enhance the deployment
of ML models through automated processes. Vemuri and Tha-
neeru [24] investigate the incorporation of Al-optimised De-
vOps within cloud CI/CD environments, outlining the journey
from design to implementation. In prior work [23]], we anal-
yse architectural design decisions for deploying ML models
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Fig. 1: A typical MLOps CI/CD pipeline architecture.

and emphasise CI/CD automation in such architectures. We
also examine architectures that specifically address ML work-
flows [[L7]]. Zhang et al. [25] conduct another study on architec-
tural decisions for Al-based systems and note that architectural
decisions in such systems are primarily technical and closely
related to the specific characteristics of those systems. Kumara
et al. [26] present a reference architecture for MLOps after re-
viewing industry literature, tackling the difficulty of choosing
suitable tools and design strategies for developing MLOps en-
vironments. This work complements these studies by offering a
specific low-code, template-based approach for automating RL
pipeline generation.

Several studies also address the difficulties of incorporating
ML into established DevOps practices. For instance, Sharma et
al. [27]] examine alternatives for implementing ML techniques
within CI/CD pipelines but fail to provide a complete solution.
Liang et al. [28]] concentrate on automating model training,
promoting transparency through version control and integrat-
ing ML into conventional CI/CD pipelines whilst stressing the
importance of ongoing monitoring and feedback loops to sus-
tain model performance. In contrast, our research introduces an
innovative framework for automating RL pipeline generation
using LLMs and a low-code methodology, aiming at a broader
user base, including those without expert knowledge.

3.2. Related Work on Low-Code Programming

Interest in low-code development methods has increased
considerably in recent years [29, [30]]. Hirzel [31] attempts to
demystify the term “low-code” and discusses how low-code
programming reduces reliance on traditional text-based pro-
gramming languages like C, Java and Python, presenting low-
code as a different approach which uses natural and visual lan-
guages that resemble user task thinking patterns. Our study uses
this concept by employing a low-code, template-based, natural

language approach for pipeline specification, leaving the code
generation to LLMs.

Kirchhof et al. [32] observe that low-code development plat-
forms (LCDPs) commonly apply one-shot generation. At the
same time, this style of code creation leads to problems because
the code gets replaced during subsequent generation phases,
thus undermining the core concepts of low-code platforms.
To reduce this problem, our approach implements few-shot
prompting, generated code validation through error detection,
and automatic generation retry functions. Our approach elim-
inates the need for development platforms because it permits
easy pipeline definition through simple, natural language-based
templates.

Bruhin et al. [33] consider the connection between LCDPs
and generative Al. Their research incorporates expert interview
findings, demonstrating how generative Al can transform the
potential of LCDPs. The study indicates that code generation
through this combination can boost productivity and minimise
errors. Our approach aims to demonstrate the benefits of com-
bining a low-code approach with generative Al without needing
LCDPs. Instead, we opt for a natural language template speci-
fication for pipelines.

3.3. Related Work on Using LLMs for Code Generation

Several related works aim to understand and enhance LLM
outcomes for code generation tasks, ranging from improve-
ments in code generation capabilities to addressing challenges
and limitations, integrating LLMs with other technologies and
processes, or focusing on practical applications.

A systematic assessment of LLM code generation challenges
is performed in an analysis by Jin et al. [34]. The six-layer vi-
sion model they describe divides the code generation operations
into four sequential phases known as input, orchestration, de-
velopment and validation. Their study seeks to broaden the sci-
entific understanding of LLM-based code generation programs



to accelerate their development. The authors present specific
guidelines and suggestions to enhance LLM-based code gener-
ation system reliability, robustness and usability.

The study by Jiang et al. [35] presents a survey about LLM
advancements for code generation tasks. The study develops
a taxonomy for recent developments, covering data curation,
model performance evaluation and real-world applications. The
authors employ established benchmarks for empirical testing,
providing insights into the evolution and effectiveness of LLMs
in code generation. Their study also identifies critical chal-
lenges and promising opportunities concerning the gap between
academia and practice and establishes an online repository to
document advances in the field continuously.

Li and Murr [36] explore how current GPT-4 models func-
tion for generating synthesised programs. They introduce a
repository that connects these models to the HumanEval [37]
dataset to perform zero-shot Python code generation evalua-
tions. Their study establishes that GPT-4 model variants can
effectively solve HumanEval problems and achieve competitive
performance using multi-step prompts, demonstrating their po-
tential for program synthesis enhancement.

Li et al. [38] address natural language understanding in code-
focused LLMs. Their novel framework comprises two mod-
ules — AttentionExtractor operates to acquire user requirement
statements, and AttentionCoder performs code generation from
these statements. This framework enables traditional natural
language processing tools to integrate with code generation
models, which allows them to execute user intents across pro-
gramming languages.

Our approach complements the above studies by utilising
LLMs to improve the flexibility and robustness of MLOps
pipeline generation by incorporating natural language process-
ing. LLMs can potentially handle unpredictable or polyglot
code situations [39]], allowing them to seamlessly interpret and
generate code in multiple programming languages or dialects.
This adaptability is crucial when meeting project requirements
and integrating with existing systems. Furthermore, LLMs al-
low users to extend low-code specifications with customised
functions or unforeseen extensions, facilitating innovation and
customisation without requiring in-depth knowledge of soft-
ware engineering.

Using LLMs for issue detection and code generation intro-
duces accuracy challenges [40L141], such as incorrect classifica-
tions and Al hallucination. The model may generate implau-
sible or irrelevant suggestions due to overfitting, insufficient
training data, or a limited token window size [42]. White et
al. [43] identify issues using LLMs like ChatGPT to generate
application programming interface (API) specifications from
natural language requirements and simulate APIs to enable de-
velopers to interactively test APIs without deploying a mock
server. They suggest generator and prompt engineering patterns
to expedite the initial API development by generating synthetic
data from natural language descriptions, but do not achieve per-
fect results.

LLM specialisation and fine-tuning, often combined with
model evaluation and testing, are essential for achieving accept-
able outcomes [44, |45]]. LLMs’ accuracy and reliability lim-

itations as coding assistants have been well-documented [46].
They can handle simple programming tasks but struggle with
detailed descriptions and have limited attention spans, making
their performance highly dependent on the specific inputs and
prompts used [47]]. Whilst LLMs show promise in automatic
program repair [48],/49], they often replicate common program-
ming mistakes found in human-crafted solutions [50]. In secu-
rity code reviews, LLM-generated responses tend to be verbose,
vague and incomplete [S1]. Given that generating comprehen-
sive CI/CD pipelines involves complex architectural considera-
tions, similar accuracy and reliability issues are expected.

Our approach heeds the lessons of prior works by focusing
on the architecture of the supporting components (as also advo-
cated by Tan et al. [44]) and employing a structured generation
flow with focused steps and contextual feedback. Our solution
enables detailed, natural language, template-based user input to
improve the generation process further. Furthermore, our solu-
tion addresses the reliability and trustworthiness issues inherent
in LLMs via built-in quality control and retry logic, validated
via two rounds of evaluation. To our knowledge, no similar
approach has been suggested in prior works.

4. Approach

In this section, we describe the key constituents of our ap-
proach: our research process, the proposed workflow, the spec-
ification template, the prompting method, an illustrative exam-
ple of the template-based low-code approach, the generation
architecture, and the definition of generation flows within the
implementation.

4.1. Research Process

We followed the systematic, structured methodology shown
in Figure[2] The first step (Tool Implementation) was to imple-
ment the approach described in this section. We then searched
for open-source RL projects on the Web and in code reposito-
ries (Search Web and Repositories for Candidate Projects)
to find candidates to evaluate our approach. We iteratively
searched and applied specific inclusion/exclusion criteria (de-
scribed in Section [5.1)) to determine which projects were suit-
able for the study (Apply Inclusion/Exclusion Criteria). Next,
we adapted each project for CI/CD pipeline suitability and
wrote Dockerfiles and pipeline specification files for each in-
cluded project (Adapt Projects and Write Dockerfiles and
Pipeline Specifications). The pipeline specification files were
used as inputs to our implementation, as detailed later in this
section, and we also used them to compare with the LLM-
generated pipeline configurations when evaluating them. Once
we had selected appropriate projects (see Section for de-
tails) and prepared the files as described in the previous step,
we ran our implemented approach on each project, scenario
and LLM three times, and recorded the output (Run Tool on
Each Project and Scenario). We subjected the results gen-
erated by the LLM to a comparative analysis against the orig-
inal pipeline specifications and the expected behaviour of the
executed pipelines based on the generated pipeline configura-
tions to understand how our approach performed for different
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Fig. 2: The research process followed in this paper.

projects, scenarios and LLMs (Comparative Analysis of Re-
sults). We then improved our implementation (Tool Improve-
ments) and ran a reevaluation on the best-performing LLM
from the first evaluation (Reevaluation). con-
tains tables showing the results of the comparative analysis and
reevaluation, Section [3] describes the scenarios and evaluation
variables, Section E] describes the initial results, Section [’Z] high-
lights the improvements we made and the results of the reeval-
uation, and Section[9]discusses our results. The rest of this sec-
tion describes our approach and its implementation as a tool.

4.2. Traditional Approach

Building and deploying ML models requires complex
pipelines, which are steps for data processing, training, vali-
dation, and deployment. Traditionally, this is a highly manual,
error-prone process that requires specialised DevOps/MLOps
expertise. Errors in these pipelines directly impact the trustwor-
thiness of the resulting ML system. If the pipeline is flawed, the
ML model or RL agent will be trained and deployed with poten-
tially incorrect or biased data, leading to unreliable behaviour.

Considering GitLab CI/CD configuration as an example
demonstrates the high complexity of the conventional pipeline
setup procedure. Manual GitLab CI/CD pipeline setup involves
creating and managing .gitlab-ci.yml files, which specify
the complete pipeline structure in YAMI_H Practitioners must
clearly define each part of the pipeline, such as stages, jobs,
scripts, dependencies, variables and deployment targets. In
MLOps applications, these settings are much more complicated
as the data preprocessing, model training, validation, and de-
ployment stages need to be orchestrate(ﬂ

The setup process usually starts with defining pipeline stages.
Every task in these stages must be configured manually with
appropriate Docker images, scripts, artefacts and environment
variables. The practitioner should also configure GPU runners
for training jobs, set data mount points, and set model storage
locationg’]

A standard MLOps pipeline setup in GitLab requires com-
plicated job orchestration that requires ML engineers to liaise
with DevOps engineers to set up proper artefact flows between
the training and deployment phases. The configuration needs
to support large model files that are beyond the scope of Gilﬂ
and thus need to be integrated with external model registries
or stored as GitLab artefacts and managed carefully as binary
files. Conventional methods require manual definition of re-
source needs, timeout settings, retry strategies and failure man-
agement systems on a per-job basiﬂ

The complexity of the configuration is further increased by
the necessity to deal with several environments (development,
staging and production) with various resource limitations and
security needs. Every environment needs a different job config-
uration, variable management and deployment strategy, which
often means hundreds of lines of YAML configuration. The
user has to manually specify conditional job execution, de-
pendencies between jobs, and the correct artefact propagation
across the pipelineﬂ

The classic GitLab CI/CD setup procedure for MLOps intro-
duces several layers of complexity that even seasoned profes-
sionals can find challenging to handle. The YAML syntax is
also highly formatted and indented, so configuration files are
error-prone and hard to debug. The complex pipeline archi-
tectures require using advanced YAML features like anchors,
aliases, and extends keywords, to reduce code duplication,
which introduces additional syntactic complexity{ﬂ

The conventional method also demands extensive exper-
tise in GitLab’s advanced features, including parent-child
pipelines to support complicated MLOps processes, multi-
project pipelines to support microservice-based architectures,
and conditional pipeline execution depending on code changes.

4https://yaml.org
Shttps://docs.gitlab.com/ci
https://blogs.nvidia.com/blog/what-is-mlops
"https://git-scm.com
$https://about.gitlab.com/blog/continuous-machine-
learning-development-with-gitlab-ci
“https://about.gitlab.com/blog/efficient-devsecops-
workflows-with-rules-for-conditional-pipelines
Yhttps://docs.gitlab.com/ci/yaml/yaml_optimization
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These features can be learned only with a significant invest-
ment in GitLab-specific expertise, which may not apply to other
CI/CD system and do not generally fall within the area of
knowledge of ML engineers.

Conventional GitLab CI/CD setup methods pose a signifi-
cant scalability bottleneck when organisations seek to deploy
numerous ML models or scale their MLOps capabilities. Ev-
ery new model or use case also necessitates a new configura-
tion file, duplicating slightly different pipeline definitions. This
proliferation of configurations requires high maintenance be-
cause updates to common patterns have to be manually applied
to many ﬁles{ﬂ

Large organisations have specific difficulties in standardis-
ing MLOps pipelines across several teams and projects. The
conventional methods do not have a sound system for sharing
configuration patterns, and as a result, each team tends to have
different versions of similar pipelines. This disintegration leads
to inconsistency in deployment, security and monitoring within
the organisatio

The conventional GitLab CI/CD setup procedure generates
considerable delays in the development and deployment pace
in MLOps processes. The manual process of creating a con-
figuration makes creating new MLOps pipelines a multi-week
process instead of a multi-hour process when incorporating
complex ML-specific needs. Every configuration change needs
thorough testing and verification to make sure that the pipeline
runs properly, which slows down the iterative development pro-
ces

Debugging conventional pipeline setups is a significant chal-
lenge, since YAML syntax mistakes, dependency conflicts, and
resource provisioning difficulties are not always easy to iden-
tify and fix. Its absence of advanced validation tools results in
configuration errors only being detected during pipeline execu-
tion, which causes failed runs and delays in deployment. The
iterative configuration debugging and testing process may slow
down pipeline developmen@

Change management also slows down with the increase in
pipeline complexity, with traditional configurations necessitat-
ing a lot of manual review and testing of each change. The
absence of automated configuration validation also implies
that even the slightest alterations have a possibility of caus-
ing pipeline failures, which requires careful change manage-
ment procedures that reduce deployment speed. Configuration
change integration testing in multiple environments introduces
further time overhead in the deployment process [52].

The complexity, expert knowledge dependencies, scaling
limits and long deployment cycles undermine pipeline config-
uration reliability in many interdependent ways. The prob-
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lem with the traditional MLOps pipeline paradigm, which is
burdened with complicated manual setups, expert bottlenecks,
scalability issues and slow release cycles, is that it essentially
negates the qualities of transparency, accountability, resilience
and reliability that define software trustworthiness.

The complexity of CI/CD systems makes them opaque. With
pipelines composed of sprawling, hand-crafted YAML defini-
tions and custom scripts, it becomes almost impossible to un-
derstand the system’s behaviour to anyone but the original au-
thors. This lack of transparency compromises trustworthiness,
because stakeholders cannot determine how the pipelines func-
tion or how correctly.

4.3. Template-Based Low-Code Approach with Natural Lan-
guage Elements

Our approach leverages template-based natural language
specifications as a low-code approach to generate the GitLab
pipeline. The template provides a structured format that can be
augmented with natural language text for interpretation by the
LLM. Templates enhance input consistency and reduce errors.
Using our templates with LLMs improves the accuracy and de-
pendability of the generated results. It combines the advan-
tages of human-readable formats with the precision of machine-
generated outputs for greater reliability.

Our research focuses on the trustworthiness of software, par-
ticularly in the context of RL models and LLMs used to build
these RL systems. LLMs often produce inaccurate output,
which is detrimental to building trustworthy software. Using
LLMs to generate computer code (such as MLOps pipelines)
also carries the risk of runtime errors in the generated configu-
ration file and embedded scripts, leading to unreliable systems.

Our novel approach addresses trustworthiness by using
LLMs to automate the creation of MLOps pipelines. Using
LLMs, we aim to reduce errors when creating pipelines man-
ually. This contribution is essential for trustworthiness. The
“low-code” aspect makes the process accessible to people with-
out in-depth DevOps knowledge.

Using LLMs to generate computer code (such as MLOps
pipelines) also carries the risk of runtime and security errors
in the generated configuration file and embedded scripts, which
can lead to unreliable systems. Our system tackles this factor
by including error detection and correction mechanisms to fos-
ter trust in our solution. Our approach is based on a low-code
and template-based implementation using the Pipes and Filters
pattern for modularity to steer and validate the LLM’s results,
meaning that the pipelines generated by the LLM are not only
created and deployed, but also actively checked for correctness
before they are used to train and deploy the RL model, con-
tributing to both aspects of trustworthiness. This validation and
correction strategy directly increases trustworthiness by min-
imising errors in the underlying infrastructure and issues with
LLM-based code generation.

Table |1| describes the main sections of the template. This
structured template acts as a detailed guide for creating the
RL pipeline. All pipeline details can be specified using the
template. By offering low-code components within a template
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Table 1: Descriptions of the Low-Code Template’s Sections

Section Header Description
Usage Example of how to run the scripts of
the RL example. Based on this, the
LLM should determine how to run the
stages (assuming reasonable naming of
the scripts and their parameters).
Required List of essential files needed for the
Files project, such as ML, testing and envi-
ronment setup scripts. These should be
used and adapted for the project’s train-
ing, evaluation, testing and deployment.
Requirements | The Python dependencies required for
the project.
Environment Environment variables necessary for the
Variables execution of the project, along with their
intended default values, e.g. to specify
how long the training should run for test-
ing and production training.
Gitlab CI The required stages of the CI/CD
pipeline pipeline, such as unit_test, train,
stages model_test, eval and deploy.
Gitlab Specific requirements for each CI stage,
CI stage such as artefact generation in the train
requirements | stage and dependencies between stages.
Provided as natural language text.
Gitlab CI Indicates whether the pipeline gener-
pipeline ates certain results, such as artefacts or
results Docker images. The generation of arte-
facts can lead to substantially different
pipelines, e.g. if Docker images, Docker-
in-Docker or a Docker-enabled pipeline
runner are required.
Details of Information on the deployment process,
the deploy including the target server, user access
stage credentials and deployment tasks to be
executed on the server.

along with natural language specifications, we can restrict the
LLM to the necessary tasks and outputs. Using low-code com-
ponents enables us to effectively direct validation tasks whilst
allowing the LLM to comprehend and produce the required
configurations and scripts, going beyond a simple template-
based method. This strategy optimises the creation of the
pipeline and clearly defines all essential components and de-
pendencies.

4.4. Proposed Workflow

Figure [3|shows how a practitioner with a specific project can
use our implemented approach. In the first step (Write Ini-
tial Pipeline Specification), the user writes an initial version
of the pipeline specification based on our template, described in
Section[4.3] The practitioner runs our implementation on their
project and specification file (Run Tool on Project to Gener-
ate and Deploy Pipeline). During this step, our program cre-

Write Initial Pipeline
Specification

Run Tool on Project
to Generate and
Deploy Pipeline

Check Pipeline
Generated Pipeline Deployment and
Configuration Execution

4

Minor Corrections to}
if

Manual Inspection ofJ

Pipeline Specification
Necessary

Fig. 3: The proposed approach’s workflow.

ates the GitLab CI/CD pipeline configuration file based on the
specification, which is then committed automatically to a Git-
Lab repository. Optionally, the practitioner can then manually
inspect the generated pipeline configuration (Manual Inspec-
tion of Generated Pipeline Configuration) whilst also veri-
fying that the pipeline was deployed and executed and that it
functions correctly (Check Pipeline Deployment and Execu-
tion). If necessary, the user can then make corrections to the
pipeline specification (Minor Corrections to Pipeline Specifi-
cation if Necessary) and rerun our program if a new pipeline
configuration needs to be generated.

The resulting workflow therefore incorporates an iterative
feedback loop, allowing the user to incrementally, iteratively
and continuously develop the pipeline using our tool and refine
the pipeline specification by repeating the process. The optional
human-in-the-loop manual inspection and approval helps to en-
able trust in the results generated by the LLM and accountabil-
ity on the part of the human operator. In reality, it is unlikely
that many iterations would be needed, and in Sections E] and
we provide results showing that if a suitable LLM is used, only
very few minor corrections might be required.



4.5. Illustrative Example of the Approach in Action

To illustrate our approach, we present an example of gener-
ating and deploying an RL pipeline using a generation flow. An
example of a concrete pipeline specification according to the
template can be found below.

Usage:
python snake_rl.py
?train|eval |unit_test|model_test?

Required Files:

snake_env.py, snake_learn.py, snake_play.py,
snake_rl.py, snake_unit_test.py,
snake_test_model.py, snake_eval.py

Requirements:
gymnasium, numpy, opencv-python,
stable-baselines3, tensorboard

Environment Variables:
ITERATIONS 2

RENDER_ASCII "True"
MODEL_NAME "LATEST"
MODELS_DIR "models/PPO-T4-1"
LOGS_DIR "logs/PPO-T4-1"
NUM_EPISODES 20

Gitlab CI pipeline stages:
unit_test, train, model_test, eval, deploy

Gitlab CI stage requirements:

- train creates artifacts at location MODELS_DIR

- eval job needs train job and its artifacts

- model_test job needs train job and its
artifacts

Gitlab CI pipeline generates artifacts:
Yes, it creates artifacts for the models in the
train stage

Gitlab CI pipeline generates docker images:
No

Details of the deploy stage:

- Deployment to a local server "127.0.0.1".

- The server is accessed by the user "user".

- The private key is stored in the Gitlab
variable SSH_PRIVATE_KEY.

- Deployment tasks:
- Secure copy the files in MODELS_DIR to a
directory "deploy_test"
- Run the model_test again on the server as
a smoke test

The requirements for generating the RL pipeline include a
sample command for running the RL example’s main script,
a list of essential files in the project to be used in the various
pipeline stages, the Python dependencies of the project and the
necessary environment variables with default values. Next, the
GitLab CI/CD stages unit_test, train, model_test, eval and de-
ploy are required in that order. The generation process should
determine how to run the corresponding RL scripts. The train
stage should provide models as artefacts for evaluation, model
testing and deployment. Finally, deployment details specify the
server and the private key (provided through a GitLab environ-
ment variable). Deployment commands for the deploy stage are
also specified in natural language text.

Our approach generates a CI pipeline file from a completed
template, creates a detailed report of each flow step as a YAML
file, assembles the project files in the generation directory and
commits the whole project to GitLab. GitLab then runs the
pipeline stages and, if successful, will test the code, train the
models, test and evaluate the models, deploy the trained mod-
els to the deployment server and run the model test on the server
as a smoke test.

4.6. Prompting Method

We use few-shot prompting [11] for each generation, detec-
tion and validation step. This method helps with in-context
learning by including examples in the prompt to direct the LLM
toward better performance and enables the LLM to produce re-
sults that are close to the desired outcome. When retries are
needed, we provide the LLM with the previous conversation, in-
cluding the generation history and any detected errors or warn-
ings, which aids the LLM in refining its output to conform to
the desired specification. In this manner, we implement prompt
chaining [11] as a secondary prompt engineering technique.
This structured approach ensures that each component of the
generation flow is accurately produced and validated, leading
to reliable and efficient pipeline generation.

Figure [4] depicts a conversation template that describes how
our approach interacts with an LLM to generate a CI/CD
pipeline configuration based on a user-authored low-code spec-
ification. Initially, our implementation specifies the system
role when preparing the API call to the LLM, corresponding to
Role: System in the System Message Setup box in Figure ]
Our implementation also prepares a system message instruct-
ing the LLM to create a GitLab CI/CD YAML file, as shown in
the snippet below, which corresponds to the Context Initiali-
sation in the System Message Setup box in Figure d] Together
with the system role, the context initialisation is used to set the
context for the instructions that are to follow and is as follows:

You are a helpful code assistant that can teach
a junior developer how to code. Your
language of choice is Python, and you want
to create a Gitlab CI/CD yml file for your
project.

Don’t explain the code, just generate the code
block itself.

In the Instruction with Sample Input box in Figure ] our
implementation specifies the user role (Role: User in Fig-
ure @). Setting the role to user indicates to the LLM that the
message contains a request from the user that the LLM should
respond to. Our tool also provides an instruction with an ex-
ample pipeline specification (Instruction Formulation with
Sample Pipeline Specification in Figure [) as in the follow-
ing snippet:

Write a Gitlab CI/CD yml file for Python
machine-learning scripts.

Do not use Docker inside the Gitlab CI/CD
pipeline. Use the following context:

Usage: python train_rl.py

Required Files:
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Fig. 4: The approach’s conversation template.

train_rl.py
eval_rl.py
test_rl.py

Requirements:
stable-baselines3>=2.1.0
supersuit >=3.9.0

Gitlab CI/CD pipeline tasks:
train, eval, test

Gitlab CI/CD pipeline generates artifacts:
Yes, it creates artifacts for the models in the
train stage

Gitlab CI/CD pipeline generates docker images:
No

We next set the role to assistant (Role: Assistant in the In-
struction with Sample Output box in Figure ), which com-
municates to the LLM that the text we are about to provide
is to be considered a previous response from the LLM. Do-
ing so makes the kind of response we expect to receive clear
to the LLM. Specifically, we provide a sample output response
for the sample input pipeline specification described previously
(Instruction with Sample Input in Figure d). This sample re-
sponse contains a corresponding GitLab CI/CD pipeline con-
figuration and is denoted by Sample Response with Pipeline
Configuration in Figure[d] The sample response is as follows:

image: python:3.9-bullseye
stages:

- train

- eval

- test

before_script:
- python --version
- pip install --upgrade pip
- pip install stable-baselines3>=2.1.0
supersuit>=3.9.0

train:
stage:
script:

train
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- python train_rl.py
artifacts:
paths:
- path/to/model/directory/
expire_in: 1 week
eval:
stage:
script:
- python eval_rl.py

eval

test:
stage:
script:
- python test_rl.py

test

Our implementation selects the user role again, indicating
that we expect a response from the LLM (Role: User in
Instruction with Target Input in Figure ). We provide the
same instruction as in the Instruction with Sample Input
part of Figure (Write a Gitlab CI / CD yml file
for Python machine-learning scripts. Do not
use Docker inside the Gitlab CI / CD pipeline.
Use the following context:), but instead of providing
a sample pipeline specification, this time we give a target
pipeline specification for which we want to generation a real
pipeline configuration (i.e. the contents of a GitLab CI/CD
YAML configuration file). The target specification takes the
same format as the sample specification provided in Instruc-
tion Formulation with Sample Pipeline Specification in
Figure [4] and described in Table [T] in Section f.3] This part
corresponds to Instruction Formulation with Target Pipeline
Specification in Instruction with Target Input in Figure 4

The tool then constructs the conversation by combining
the system message, the instruction with the example low-
code, template-based pipeline specification, an example GitLab
CI/CD YAML file response and the instruction with the target
pipeline specification from which to generate the GitLab CI/CD
YAML file configuration. This structured approach provides
unambiguous instructions and examples to the LLM to increase
the chance of receiving an acceptable response.

Our program checks the LLM’s response for GitLab CI/CD



file linter issues, artefact creation and stage order correctness,
and if errors or warnings occur, continues the conversation with
the LLM by providing a role: user instruction to correct the
detected errors and warnings in the generation configuration.
It retries this generation process up to a predefined number of
times (three, by default) and finally opts for the best response
based on the number of errors and warnings encountered for
each response. Doing so gives the LLM multiple opportuni-
ties to correct its output and allows our tool to select the best
response out of the ones that the LLM proposed.

4.7. Generation Architecture

This section details the architecture of our MLOps pipeline
generation approach. We describe the primary components,
classes, and their roles within the system below. Figure[5|shows
the main high-level components of the architecture and Fig-
ure [6] shows the base classes containing the implementations
for flows, code generation, validation and committing the gen-
erated results.

4.7.1. Components

Generator, Detector and LLM Components: LCFExecutor
in Figure [3 is the central component responsible for execut-
ing the generation flow or running a detection flow. It uses
instances of LLM, which wrap supported LLMs based on an
LLMDefinition. An LLMDefinition specifies the model
name, model type and parameters like token limit, minimum re-
sponse tokens and temperature. The LLM component abstracts
the functionalities of specific LLMs and facilitates the genera-
tion of textual artefacts based on provided specifications.

Pipes and Filters Architecture: The LCF component Pipes
and Filters orchestrator in Figure [] is responsible for ex-
ecuting LCFComponents, which represent different steps in
the Pipes and Filters pattern involved in generation, detec-
tion and retrying. The LCF orchestrator also provides a
LCFDataTransferObject, which is passed through the var-
ious steps in the Pipes and Filters pattern architecture. It car-
ries the generation report that is gradually assembled during
the generation, detection and validation steps, metadata such
as project and generation directories and the current conver-
sation. This piping mechanism is based on passing a Data
Transfer Object [53] through the implementation’s filters. A
GitlabWrapper component interacts with the GitLab server
via the server’s API for validating the generated CI/CD pipeline
configuration files and uploading the generated pipeline config-
uration to GitLab.

4.7.2. Classes

Pipes and Filters Classes: Figure[6|shows the LCFComponent
class, the base class for all classes involved in the generation
and validation processes. Thus, its subclasses are the Pipes and
Filter pattern architecture filters. LCF orchestrates a sequential
flow of components, managing a list of LCFComponent com-
ponents to define the sequence of operations, and an instance
of LCF must be passed to either a generator or a detector for
execution.
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LCFParallelFlow subclasses LCF, managing the
parallel execution of multiple flow steps and provid-
ing mechanisms for parallel validation via its subclass
ParallelDetection, which is used for parallelising detec-
tion flows. ParallelDetection itself has two subclasses:
ParallelSuccessfulIfAllSuccessful validates multiple
tasks in parallel and is successful if all steps are successful, and
ParallelSuccessfulIfAnySuccessful validates multiple
tasks in parallel and is successful if any are successful.

GenerationRetry is also a subclass of LCFComponent. It
retries generation steps a specified number of times, recording
errors and warnings. It stops at the first attempt without errors
or warnings; if no such attempt occurs, it takes the best results
after the specified total number of attempts (three, by default).

GitlabCommitGeneratedProject commits the generated
pipeline and its project to GitLab using the GitlabWrapper
class. GitlabWrapper provides an interface to interact with
a GitLab server’s API for committing projects and validating
GitLab pipelines.

Thus, the generation flow incorporates flexible components
for either parallel or concurrent validations (any or all of which
must be successful, depending on the user’s needs), retrying the
generation, and committing and pushing the project to GitLab.
Generation Classes: The GenerationRetry class shown
in Figure @ uses the LCFGeneration class, which is
a base class used for performing generation tasks. It
uses a LCFDataTransferObject, which in turn utilises
the Conversation class, to manage interactions with the
LLM by abstracting individual conversation instances with
messages to and responses from the LLMs, maintain-
ing the context and state of ongoing interactions. The
GenerateGitlabCIYmlFileFromSpecFile class subclasses
LCFGeneration and is used to generate GitLab CI/CD YAML
files from low-code specifications.

Detection Classes: Figure [6] shows the LCFDetection
class, another subclass of GenerationRetry, which per-
forms the detection used by validation tasks in generation
workflows. It ensures that generated artefacts meet spec-
ified quality and correctness criteria for generation tasks.
Like LCFGeneration, LCFDetection also makes use of a
LCFDataTransferObject, which is passed through the Pipes
and Filters flow with a Conversation.

Validation Classes: Figure [6] also includes various subclasses
for performing individual validations. Several classes that
subclass LCFDetection implement validation logic for use
during detection. For instance, YmlSyntaxIssueDetection
is the base class for detecting issues in YAML files. Its
subclass, GitlabCICheckStageOrder, ensures the stages
in the GitLab CI pipeline are in the correct order, with
the GitlabCICheckStageOrderFromSpecFile class vali-
dating the stage order based on the low-code specifica-
tion input. GitlabCINoLinterIssuesDetection uses a
GitlabWrapper to validate the pipeline remotely via a Git-
Lab server API call. LCFCodeBlocksDetection has a sub-
class, GitlabCIArtifactsCreatedDetection, that detects
whether artefacts are created in the generated pipeline configu-
ration.
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4.8. Generation Flow Specification Approach

Using LLMs for code generation and validation presents ac-
curacy challenges such as Al hallucinations and incorrect clas-
sifications [40H42]. Our approach employs a structured genera-
tion flow with focused steps and contextual feedback to address
these issues and ensure reliable pipeline generation.

The generation flow specification for our approach is defined
using a simple Python DSL. This specification guides the LLM
through highly specific and focused generation, detection and
validation steps to ensure high accuracy in the generated out-
comes. An example of such a generation flow specification is
shown below:

LCF (
components=[
GenerationRetry (
GenerateGitlabCIYmlFileFromSpecFile,
ParallelSuccessfullIfAllSuccessful (
[
GitlabCINoLinterIssuesDetection,
GitlabCIArtifactsCreatedDetection,
GitlabCICheckStageOrderFromSpecFile
]
)
) s
GitlabCommitGeneratedProject,

1,

In the flow above, we specify that we wish to generate a Git-
Lab CI/CD YAML file from a specification file (i.e. a low-code,
template-based specification that describes the CI/CD stages
and steps). We then wish to run various error detection mea-
sures in parallel: linting the generated GitLab pipeline configu-
ration file, checking that the pipeline configuration creates arte-
facts, and that the pipeline has the correct order of stages. Fi-
nally, assuming all three detections passed, we wish to commit
and push the project with its generated pipeline configuration
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to GitLab, where the pipeline is executed according to the gen-
erated pipeline configuration.

5. Evaluation

We selected three open-source RL projects (see Section[5.1))
and developed pipelines for each project, which were applied
in three different scenarios (see Section[5.2)) and multiple itera-
tions. Each scenario has increasingly complex requirements to
simulate real-world pipeline practices. This approach allows us
to thoroughly evaluate our method’s versatility, adaptability and
scalability in addressing different pipeline requirements. By fo-
cusing on various scenarios for each project, rather than simply
increasing the number of projects, we capture a wider range of
potential use cases and challenges and ensure that our approach
is robust and effective in meeting standard and unforeseen re-
quirements in real-world applications.

5.1. Study Objects

Ideally, we would select a set of open-source RL projects,
each of which already includes an MLOps pipeline. If these
pipelines collectively contained all the pipeline stages our ap-
proach can generate, we could use them as ground truth to as-
sess the generation results. After an intensive search on GitHub
and the Web, we found no open-source projects that fulfilled
these requirements.

We then searched on GitHub, Google and Bing, with search
terms including “(reinforcement learning | RL | multi-agent re-
inforcement learning | MARL | (Tensoflow & RL) | (Keras &
RL) | RLLib | StableBaselines) & (MLOps | DevOps | CI/CD |
Continuous Integration | Continuous Deployment | Continuous
Delivery)”. We found that there were not many repositories that
combined these two fields.
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As a second-best option to create the ground truth, we se-
lected three popular RL projects and realised MLOps pipelines
and various tests for them. We used the first part of our search
string only (before the “&”) and the following inclusion/exclu-
sion criteria:

1. Projects must primarily focus on RL.
2. Projects have well-documented and clearly explained
code, reflecting the typical setup data scientists use for RL

projects.
3. Projects follow different approaches to constructing RL
projects.

4. All scenarios described in Section 5.2 are fully applicable.

We deliberately opted for several small rather than many
large projects, as the specific RL implementation plays a sec-
ondary role in our evaluation. Instead, integrating these projects
into each of the evaluation scenarios presented in Section [5.2]
increases the complexity of the evaluation cases. Our approach
focuses on the MLOps components and treats the RL code pri-
marily as a black box integrated into the pipeline stages — we
are interested principally in MLOps at the level of pipeline ar-
chitectures in this study and not the specifics of the implemen-
tations. Many larger, existing RL projects failed to meet in-
clusion/exclusion criterion number 4 (“All scenarios described
in Section [5.2] are fully applicable”), meaning that only rela-
tively trivial MLOps pipeline generation tasks would have been
tested. Table [2| summarises the projects we included in our
study. The full results are reported in the tables in
Al

The three projects were selected because they offer suffi-
cient diversity in RL approaches whilst maintaining the rigour
needed to perform a thorough evaluation using the evaluation
scenarios. This focused approach allows us to conduct compre-
hensive, scenario-complete evaluations that would not be pos-
sible with a larger set of projects that only partially meet our
evaluation criteria. The breadth vs. depth trade-off aligns more
with our research objectives; we are trying to validate MLOps
generation capabilities, not survey all existing RL project struc-
tures. To show scalability and applicability beyond the three
projects, we demonstrate how our MLOps pipeline generation
can be integrated with larger production-scale RL deployments
in an industry application described in Section[§] This setting is
a much more complex RL implementation than our evaluation
projects, with multi-agent systems, distributed training archi-
tectures and enterprise-grade deployment requirements.

5.2. Scenarios

We define three evaluation scenarios, each subsequent sce-
nario building on the previous one, for representing different
MLOps pipeline practices, as well as the different kinds of gen-
eration requirements (precisely specified and additional natural
language-based specifications):

1. The existing basic functionality of the projects used as ob-
jects of our study is realised as an MLOps pipeline. This
pipeline usually consists of training and evaluation stages
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Table 2: Descriptions of the Open-Source Projects

| Name |
KAZ

Description

Stable Baselines 3 realisation of RL training,
prediction, visual play and evaluation for the
Petting Zoo Knights, Archers and Zombies envi-
ronment. It uses the Proximal Policy Optimisation
algorithm, parallel environments, and model
saving/loading, and it can be customised using
many parameters. Original implementation:
https://github.com/Farama-Foundation/
PettingZoo/tree/master/pettingzoo/
butterfly/knights_archers_zombies

Stable Baselines 3 realisation of RL training, pre-
diction, visual play and monitoring for a custom
snake game environment. It uses the Proximal Pol-
icy Optimisation algorithm, model saving/loading,
checkpoints, TensorBoard and a custom envi-
ronment. Original implementation: https://
youtube.com/watch?v=XbWhJdQgi7E&list=
PLQVvvaaOQuDf002DWwLZBf JeYY-J0eZB1
Keras/TensorFlow-based realisation of RL train-
ing, prediction and evaluation for a custom
shower simulation environment. It uses the Deep
Q-Network algorithm with a Boltzmann Q policy,
a sequential model and a custom environment.
Original implementation: https://github.
com/nicknochnack/OpenAI-Reinforcement-
Learning-with-Custom-Environment

SNA

SHO

with several specific Python requirements, requiring set-
ting environment variables and generating an RL model as
an artefact in the training stage. Each generation require-
ment is precisely specified using a specification file such
as the one in Section Additionally, under the section
Gitlab CI stage requirements in the specification,
one natural language requirement is added that the train-
ing stage (train) creates artefacts in a models directory
and another one that the evaluation stage (eval) requires
these artefacts (only if an evaluation stage is defined).

. In addition to all generation requirements of the ba-
sic scenario, we require a deployment stage (deploy)
and Docker images as container artefacts. We further
detail this requirement under Details of the deploy
stage in two natural language requirements: firstly, the
deployment to a Docker container provided as an arte-
fact by the deploy stage is required. Secondly, we re-
quire the deploy stage to use Docker in Docker (DIND)
to create the Docker images. We specify as further
natural language requirements under Gitlab CI stage
requirements that the evaluation job needs the training
job and its artefacts. We also require an environment vari-
able MODEL_DIR specifying the model directory.

3. In this scenario, we use all generation requirements of
the basic scenario and the natural language Gitlab CI
stage requirements from the second scenario. We re-


https://github.com/Farama-Foundation/PettingZoo/tree/master/pettingzoo/butterfly/knights_archers_zombies
https://github.com/Farama-Foundation/PettingZoo/tree/master/pettingzoo/butterfly/knights_archers_zombies
https://github.com/Farama-Foundation/PettingZoo/tree/master/pettingzoo/butterfly/knights_archers_zombies
https://youtube.com/watch?v=XbWhJdQgi7E&list=PLQVvvaa0QuDf0O2DWwLZBfJeYY-JOeZB1
https://youtube.com/watch?v=XbWhJdQgi7E&list=PLQVvvaa0QuDf0O2DWwLZBfJeYY-JOeZB1
https://youtube.com/watch?v=XbWhJdQgi7E&list=PLQVvvaa0QuDf0O2DWwLZBfJeYY-JOeZB1
https://github.com/nicknochnack/OpenAI-Reinforcement-Learning-with-Custom-Environment
https://github.com/nicknochnack/OpenAI-Reinforcement-Learning-with-Custom-Environment
https://github.com/nicknochnack/OpenAI-Reinforcement-Learning-with-Custom-Environment

quire five stages: unit_test, train, model_test, eval
and deploy. We manually wrote unit and model tests for
each project. These are placed in additional files that need
to be executed by the pipeline in the respective stages. Un-
der Gitlab CI stage requirements, we add another
natural language requirement: the model_test job needs
the train job and its artefacts. No Docker image cre-
ation is required. Deployment host and user names are
provided under Details of the deploy stage. Fur-
ther, it is stated that the private key to be used is stored in
the GitLab variable SSH_PRIVATE_KEY and that secure
copy is to be used as a deployment task to copy the arte-
fact in MODEL_DIR to a directory on the host.

We executed each scenario three times for each project, to-
talling twenty-seven evaluations per LLM. Our choice of evalu-
ation scenarios was driven by the need to comprehensively eval-
uate MLOps pipeline generation over the most critical and com-
monly needed pipeline stages in RL deployments. The three
scenarios described in this section were carefully designed,
based on our understanding of RL and informed by discus-
sions with our industry partner, to capture fundamental MLOps
practices when building CI/CD pipelines. These scenarios, and
their assorted evaluation variables, include the key pipeline
components - model-training orchestration, hyperparameter-
optimisation workflows, and deployment automation - where
MLOps tools provide the most value.

We considered expanding and customising the scenarios to
cover a broader scope of RL projects, but decided that doing
so would dilute the evaluation’s validity and depth. Such eval-
uation scenarios would not have tested our solution’s ability to
produce advanced pipeline stages that reflect the real complex-
ity of production RL deployments. We focused on depth and
real-world applicability over sample size, so our evaluation rep-
resents real MLOps challenges and not examples customised to
existing projects.

5.3. Evaluation Variables

We use twenty evaluation variables to analyse the generated
MLOps pipelines in our evaluation process; all variables have
Boolean values. Some variables have the value “NA” if not
required by the evaluation scenario’s generation requirements.

We evaluated the following generation-specific variables by
inspecting the generated pipeline configuration files:

e GPI: The generated script uses a correct Python image.
e GAS: The generated script contains all required stages.
e GSO: The required stages are in the correct order.

e GAR: All Python requirements and the necessary Linux
packages are correctly installed for all required stages.

e GEN: All specified environment variables are correctly
set.

e GMS: All model artefacts are correctly created.

e GCD: Required Docker images are correctly created.
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e GDA: All Docker artefacts are correctly created.

We evaluated the following variables by inspecting the code
to check whether the natural language text requirements
under Gitlab CI stage requirements and Details of
the deploy stage are correctly realised. Note that many
other details could be provided in natural language; in our eval-
uation, to systematise our study, we limit ourselves to the fol-
lowing cases:

e NTA: The train job creates artefacts in a specific direc-
tory.

e NET: The eval job needs the train job and its artefacts.

e NMT: The model_test job needs the train job and its
artefacts.

e NSK: An SSH key setup script is correctly created to reach
the deployment server.

e NSC: Secure copy is used to perform the deployment with
the correct user/key, host and directory.

e NDA: The deploy stage provides Docker results as an
artefact.

e NDI: Docker in Docker (DIND) is realised, and the correct
image is selected.

Finally, we evaluated the following runtime variables to deter-
mine whether a pipeline job ran successfully or not.

e RUT: Unit tests ran successfully.

e RTR: Model training ran successfully.

e RTE: Model tests ran successfully.

e REV: Model evaluation ran successfully.
e RDP: Model deployment ran successfully.

We executed each scenario three times for each study object
and each LLM. We then calculated the error rate for each eval-
uation variable var as, with n = 3 (three iterations) as given by
Equation [T}

1 n
ErrorRate"™ = - Z ErrorRate}”" €Y

i=1

We also calculated the overall error rate over all precisely
specified generation variables (Overall Error GS), all variables
relating to natural language-based requirements (Overall Error
NL), all variables associated with running the jobs (Overall Er-
ror RJ) and all variables (Overall Error).



5.4. Models

We chose seven popular and current LLMs for evaluating our
approach: OpenAl GPT-3.5 Turbo, OpenAl GPT-40, Qwen2.5
72B, Qwen2.5 Coder 32B, Llama 3.3 70B, Code Llama 70B
and DeepSeek R1 70B. We deployed and ran the two OpenAl
models on Microsoft Azure{lﬂ We deployed and ran the five
freely available models in Ollame{T_TI on a Cisco UCS C245 M6
server with an NVIDIA A100 80GB GPU, two AMD EPYC
7543 32-core processors and 512GB of RAM.

The five Ollama models are of particular interest because
they represent a growing cohort of small, performant LLMs
which demonstrate reasonable capabilities in terms of solving
tasks but are freely available and deployable locally thanks to
their relatively low memory footprint and flexible parameter
size, which can be selected based on local hardware capabili-
ties. These locally-executable LLM types expand the range of
applied model types beyond that of the GPT family.

The LLMs were selected from the standard benchmark
EvalPlus [54]®] which is based on peer-reviewed studies and
provides a ranked list of code-generation LLMs, including ver-
sions of the ones we use in this study. Where a newer or higher-
parameter version of a model than the one in the EvalPlus
leaderboard was available, then, within the constraints of our
hardware, we selected that version. We only selected popu-
lar models, i.e. models with over one million pulls on https:
//0llama.com. Furthermore, similarly to how we chose GPT-
3.5 Turbo and then an enhanced version in GPT-40, we selected
base models (Qwen2.5 72B and Llama 3.3 70B) and corre-
sponding coding-specific related models (Qwen2.5 Coder 32B
and CodeLlama 70B). We also included DeepSeek R1 70B due
to its novelty and popularity.

The LLMs are widely used in related but differing tasks and
have varying characteristics, such as speed, contextual aware-
ness and training data. Even though it may appear obvious
that some LLMs are likely to perform much better than others,
this can only be confirmed by evaluating a specific application.
Evaluating a selection of LLMs enables us to compare how dif-
ferent LLMSs impact the results of our approach.

GPT-3.5 Turb(ff] is a widely adopted, efficient model from
OpenAl. GPT-3.5 Turbo delivers an effective baseline for as-
sessing our approach because it strikes the right equilibrium be-
tween operational efficiency and performance quality. GPT-3.5
Turbo is a standard reference model to check progress in new
technologies or customised coding solutions. The model builds
upon previous versions by making advancements, although it
sometimes exhibits diminished mathematical capabilities. We
included GPT-3.5 Turbo as a model for assessment since recent

1https://azure.com

Thttps://ollama.com

8https://evalplus.github.io/leaderboard.html]
https://trustbit.tech/en/11lm-leaderboard- juli-2024,
https://klu.ai/llm-leaderboard,
https://aimlapi.com/comparisons/chatgpt-4o-vs-ol-minijand
https://the-decoder.com/gpt-4-crushes-other-1lms-
according-to-new-benchmark-suite| and links on EvalPlus| for fur-
ther examples of benchmarks.

Yhttps://platform.openai.com/docs/models/gpt-3.5-turbo

Also see

16

benchmarks demonstrate its comparable performance to the top
non-commercial LLM models but with substantially reduced
costs compared to GPT-4o.

GPT—4dﬂ_T] from OpenAl delivers enhanced speed and effi-
ciency features and is one of the best models in the EvalPlus
performance benchmark. The model exhibits powerful general
capabilities, which make it ideal for performing state-of-the-art
code generation. The proficient capabilities of GPT-40 extend
to basic coding and general awareness tasks, but this advanced
performance level comes at a greater cost than other models.
Our evaluation also adopts GPT-40 because of its superior ca-
pability to understand and generate natural language, forming
our methodology’s core foundation.

Qwen2.5 72 created by Alibaba Cloud, has over 4.1
million pulls as of 2025-02-14 and a size of 47GB. We use
Qwen2.5 in the evaluation to assess the effectiveness of our
approach with a model that demonstrates superior multilingual
skills, enhanced coding capabilities, advanced instruction fol-
lowing and structured text data understanding and generation
support.

Qwen2.5 Coder 32B7| by Alibaba Cloud has over 2.2 mil-
lion pulls as of 2025-02-14 and a size of 20GB. This model
has been ranked highly on various popular code generation
benchmarks, and its performance is comparable with GPT-4o.
Qwen2.5 Coder 32B can also fix code errors, which is relevant
to our approach’s error-handling aspect. The model supports
over 40 programming languages.

Llama 3.3 70BFE]is a leading open-source model from Meta.
It is widely used, with over 1.3 million pulls as of 2025-02-
14 and is 43GB in size. Llama 3.3 70B performs similarly to
Llama 3.1 405B but with fewer parameters. It demonstrates par-
ticular strength when tasks require extended context, like docu-
ment analysis and conversations spanning multiple exchanges,
making it a suitable model for evaluating our approach.

Code Llama 70BF_T] from Meta, with over 1.7 million pulls as
of 2025-02-14 and a size of 39GB, is well-suited to this study
since it has been specifically trained for code generation tasks.
The model supports most popular programming languages, in-
cluding Python, C++, Java, PHP, TypeScript, JavaScript, C#
and Bash.

DeepSeek R1 70B [557] is a new LLM released in Jan-
uary 2025 with over 15.6 million pulls as of 2025-02-14 and
a size of 43GB. We chose this LLM due to its novelty and
the high benchmark ranking of its predecessor (DeepSeek V3
from November 2024) and opted for a parameter size of 70B,
which is a distilled model based on Llama3.3:70B. Early bench-
marks suggest it should be a high-performing model and eval-
uation results by DeepSeek and EvalPlus suggest that its base
model (DeepSeek V3) performs comparably to OpenAl OIE]

2https://platform.openai.com/docs/models/gpt-4o
2lhttps://ollama.com/library/quen: 110b
22https://ollama.com/library/qwen2.5-coder:32b
Zhttps://ollama.com/library/1lama3.3:70b
2https://ollama.com/library/codellama:70b.
Zhttps://ollama.com/library/DeepSeek-ril
2https://openai.com/ol
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and OpenAl O1 Minﬂ which came first and second place on
the EvalPlus leaderboard respectively.

6. Initial Results

In this section, we interpret the evaluation results listed in
Tables (A6 (5.7} A8} [A-9) AT} [A-T]and [A-T2)in [Appendix A
Please note that, based on these results, we also implemented
some improvements to the project and ran a new evaluation,
which we report on in Section[7] the results of which are shown
in Table [A.T3] A discussion of the implications in the context
of the research questions can be found in Section 9]

6.1. Best and Worst-Performing LLMs

Table [3] summarises the best-performing LLMs by task type
error rate, project and evaluation scenario, and overall error
rates. The rows signify three different sets of error rates de-
pending on the task type: Overall Error GS, which represents
generation tasks’ overall error rate, Overall Error NL, which
denotes the overall error rate for natural language tasks, and
Overall Error RJ, which encapsulates the overall error rate for
runtime job tasks. The final row, Overall Error, is an aggrega-
tion of the aforementioned error rates over the task types (gener-
ation, natural language, and runtime) for each column. Except
for the final one, the columns represent the error rates for the
open-source projects KAZ, SNA, and SHO described in Table[2]
Combined with the evaluation scenarios 1, 2 and 3 described
in Section [5.2] represented as numerical suffixes. For example,
KAZI, KAZ2 and KAZ3 refer to the KAZ project and the three
evaluation scenarios. The final column Overall Error gives the
overall error rate across all projects and scenarios for a given
task type.

For example, the row and column pair corresponding to row
Overall Error NL and column KAZ3 indicates that GPT-40
had the lowest overall error rate for natural language tasks for
project KAZ and scenario 3. Row Overall Error and column
SHOI show that Qwen2.5 Coder and Llama 3.3 achieved the
lowest overall error rates across all task types for project SHO
and scenario 1. The cell matching row Overall Error RJ and
column Overall Error indicates that GPT-4o0 had the lowest
overall error rate for runtime tasks across all projects and sce-
narios.

Overall, GPT-40 exhibited the lowest error rate (Overall Er-
ror) followed by Qwen2.5 Coder. GPT-40 also performed best
for generation tasks (Overall Error GS), natural language tasks
(Overall Error NL) and runtime tasks (Overall Error RJ), fol-
lowed by Qwen2.5 Coder, Llama 3.3 and GPT-3.5 Turbo, re-
spectively. Therefore, GPT-40 was the best overall performer
in every category, with Qwen2.5 Coder coming second overall
and performing particularly strongly in code generation tasks.

The worst-performing LLM overall was Code Llama, fol-
lowed by DeepSeek. Code Llama performed worst for code
generation tasks, followed by GPT-3.5 Turbo. Natural language

?Thttps://openai.com/index/openai-ol-mini-advancing-cost-
efficient-reasoning
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tasks were performed worst by GPT-3.5 Turbo, followed by
Code Llama. Llama 3.3 performed runtime tasks the worst,
followed by DeepSeek. Hence, Code Llama performed poorly
at code generation and natural language tasks.

In conclusion, our approach used GPT-40 and Qwen2.5
Coder to successfully generate GitLab CI/CD pipeline config-
uration files with low error rates. Note that the error rates re-
ported in the tables in[Appendix A]were easily improved further
by resolving the common errors described in Section [6.4] - see
Section [7] for details.

It should also be noted that the results we report are likely an
underestimation of the capabilities and potential of the LLMs in
this application and an overestimation of the error rates, since if
a pipeline stage failed, we also marked all subsequent pipeline
stages as having failed. In reality, some of these pipeline stages
would have succeeded, assuming the error in the previous stage
had not occurred. Also, it was often the case that multiple errors
were related and had a single cause. For instance, secure copy
during deployment might have failed due to the SSH key not
being set up correctly, or a runtime error could have resulted
from an incorrect value in the pipeline configuration caused by
a generation error. Both scenarios would increase the error rate
for multiple evaluation variables but only require a single fix.

6.2. Evaluation Variables

Across all seven LLMs, some common patterns emerged in
the results when handling the tasks associated with the eval-
uation variables, particularly when considering what subtasks
the LLMs were capable of performing reliably and where they
often made mistakes.

Generally, and as might be expected, simpler tasks yielded
lower error rates, whilst more complex ones resulted in higher
error rates. The tasks that most of the LLMs performed most
correctly were the generative tasks and a large proportion of the
natural language processing tasks. On the other hand, runtime
tasks were more challenging for all of the LLMs. In Section|[6.4]
we discuss common errors in output that occurred, which were
easily resolved by providing slightly more (and more specific)
information to the LLM.

Generative tasks that the models mostly completed with low
error rates included, for instance, using the correct Python im-
age in the generation pipeline configuration file, including all
the required stages in the proper order, and installing necessary
Python and Linux requirements. Some deviation in behaviour
occurred when specifying environment variables and the cor-
rect Docker artefacts.

Several LLMs had difficulties with natural language tasks
like setting up the SSH key for model deployment, using se-
cure copy to perform the model deployment, realising the use
of Docker in Docker, selecting the correct Docker image, and
providing the generated Docker image as a result. Problematic
runtime tasks for several models were running unit tests suc-
cessfully, running model tests successfully and deploying the
model successfully. Failure of any of these stages would result
in the subsequent stages being skipped and marked as failing.
On the other hand, some natural language tasks, like making
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Table 3: Summary of the Best-Performing LLMs by Lowest or Equal-Lowest Error Rate (Initial Results)

KAZI | KAZ2 ] KAZ3 [ SNAI [ SNA2 | SNA3 [ SHO1 [ SHO2 | SHO3 | Overall Error
GPT-3.5 GPT-40 GPT-4o
GPT-40 GPTodo GPT-40 Qwen2.5 GPT-40 Qwen2.5 GPT-40 GPT-40
Overall Error GS Qwen2.5 Qwen2.5 Qwen2.5 Coder | Qwen2.5 Coder | GPT-40 | Qwen2.5 Coder Qwen2.5 C'o der Qwen2.5 Llama 3.3 GPT-40
Qwen2.5 Coder : Llama 3.3 Code Llama DeepSeek i Llama 3.3 DeepSeek
Llama 3.3
Llama 3.3 DeepSeek
GPT-3.5
GPT-40
Overall Error NL Quen23 | GpT40 GPT-40 AllEqual | GPT4o |  Llama3.3 DeepSeek GPT-40 GPT-40 GPT-40
Llama 3.3 Llama 3.3
Code Llama
DeepSeek
GPT-3.5 GPT-4o
GPT-4o Qwen2.5
Overall Error RJ Qwen2.5 Qwen2.5 Llama 3.3 All Equal GPT-40 GPT-3.5 i Qwen2.5 Coder | GPT-4o0 GPT-40
Qwen2.5 Coder
Qwen2.5 Coder Llama 3.3
Liama 3.3 ama 3.~
GPT:3.5 gj;‘z“’s
Overall Error GPT-4o GPT-4o Llama 3.3 Qwen2.5 Coder | GPT-4o GPT-40 Qwen2.5 Coder GPT-40 GPT-4o GPT-4o
Qwen2.5 Qwen2.5 Llama 3.3 Qwen2.5 Coder
Code Llama
Llama 3.3
DeepSeek

sure the train job specifies a directory for artefact creation
and specifying that the eval and model_test jobs require the
train job, were generally unproblematic.

6.3. Evaluation Scenarios

For the individual projects and scenarios, GPT-40 exhib-
ited the lowest or equal-lowest error rate for most. Even in
more complex cases, GPT-4o kept error rates low. These re-
sults indicate improved performance and reliability in generat-
ing MLOps pipelines compared to the other LLMs.

6.4. Common Errors Committed by the LLMs

We identified and categorised the most common errors and
mistakes made by the LLMs according to their corresponding
task category. It should be noted that, due to the unpredictable
nature of LLMs, these errors cannot be foreseen when first im-
plementing a solution such as ours. The errors only become ap-
parent when running the tool and analysing what went wrong.
These errors were straightforward to resolve in a single itera-
tion — see Section [/|— by introducing simple improvements to
our low-code specification and conversation templates based on
our findings below, leading to even lower error rates.

6.4.1. Generation Errors

GPI: The generated script uses a correct Python image. Oc-
casionally, either no Python image or an incorrect image was
configured. Sometimes, a Python image was specified, but only
for specific stages. These mistakes resulted in runtime errors
during the training or evaluation stages because the python
command was not found, or it was not possible to run the pip
command due to the Docker environment being externally man-
aged. These errors affected Qwen2.5 Coder when running sce-
nario 2 on the SHO project (SHO2) and Llama 3.3 for KAZ2
and SNA2. Please note that we did not always specify the use
of a Python image, let alone a specific version, so a simple fix
would be to always select a particular version, which should
have a global scope.
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GAR: All Python requirements and the necessary Linux pack-
ages are correctly installed for all required stages. On one oc-
casion (Code Llama and SHO2), the LLM used the apt com-
mand instead of pip to install the Python prerequisites. It in-
stalled the incorrect version of protobuf, leading to runtime
errors during pipeline execution. The solution is instructing the
LLM to always install Linux requirements with apt and Python
requirements with pip.

GEN: All specified environment variables are correctly set.
LLMs sometimes set environment variables using the export
command rather than a global variables: section of the
pipeline configuration, or they would set environments only
within the scope of a specific stage. This error arose with Code
Llama (KAZ3 and SHO2), Qwen2.5 (SNA3) and DeepSeek
(KAZ3). Tt resulted in pipeline stages (e.g. deploy) failing due
to these environment variables being undefined for those stages.
The solution is to specify that all environment variables should
be set globally in the variables: section of the pipeline con-
figuration.

GDA: All Docker artefacts are correctly created. Sometimes,
the generated pipeline configuration didn’t specify the model
artefact for the train stage. The solution is to state that the
model should be provided in that stage in the artifacts:
section of the stage. Errors were mainly found with GPT-3.5
(SNA2), Code Llama (KAZ2, SNA2 and SHOZ2) and DeepSeek
(SHO2).

6.4.2. Natural Language Errors

NET and NMT: The eval and model_test jobs need the
train job and its artefacts. In several cases, either the eval
(NET) ormodel_test (NMT) stages didn’t specify needing the
train stage. For NET, the issue arose with every model for
SHO1, whereas for NMT, mainly GPT-3.5 was affected (KAZ3,
SNA3 and SHO3). This omission wasn’t a problem in practice
since artefacts from prior stages were passed by default to the
next stage in GitLab.



NSK: An SSH key setup script is correctly created to reach
the deployment server. This problem occurred relatively fre-
quently and resulted in runtime errors during the deploy stage
when using secure copy. Worst affected were GPT-3.5 (KAZ3),
Qwen?2.5 Coder (SHO3) and DeepSeek (KAZ3 and SHO3). The
LLMs tried various ways to create the SSH key, including stor-
ing it in an authentication agent instead of a file, not creating the
. ssh directory, trying to write the private key to the /root di-
rectory, not setting correct permissions on the ~/.ssh/id_rsa
file, not adding the host to known_keys or completely omitting
SSH setup. The solution would be to provide the explicit SSH
script (optionally as a self-contained file) for the pipeline stage
to execute, since the steps would rarely change.

NSC: Secure copy is used to perform the deployment with the
correct userfkey, host and directory. Another frequent issue
was deploying the model using the scp (secure copy) com-
mand. Sometimes, LLMs would use rsync instead or use an
incorrect target path or hostname. The LLMs would sometimes
not ensure the target path existed on the server and create it
if necessary. Finally, the secure copy would also fail if the
SSH setup were absent or had failed. As for NSK, the solu-
tion would be to provide the steps as an executable script or
be more specific about the values and commands to use. Most
impacted were GPT-3.5 with a 100% failure rate for each of
KAZ3, SNA3 and SHO3, Qwen2.5 (SNA3), Code Llama (SNA3)
and DeepSeek (SHO3).

NDA: The deploy stage provides Docker results as an artefact.
Infrequently, the Dockerfile would be configured as the artefact
for the deploy stage instead of the generated Docker image.
Sometimes, the generated pipeline configuration didn’t specify
any Docker image artefact. The solution to both problems is to
state that the generated Docker image should be provided in that
stage in the artifacts: section of the stage. Most LLMs were
affected, in particular GPT-3.5 (SNA2), Qwen2.5 Coder (KAZ2
and SNA2), Llama 3.3(SNA2), Code Llama (KAZ2, SNA2 and
SHO?2) and DeepSeek (KAZ2, SNA2 and SHO?2).

NDI: Docker in Docker (DIND) is realised, and the correct im-
age is selected. A frequently occurring mistake was using the
incorrect DIND image or not specifying DIND at all. The re-
sult during pipeline runtime was that specific commands were
not found (e.g. pip and docker). Again, most LLMs were im-
pacted: Qwen2.5 (KAZ2, SNA2 and SHO2), Qwen2.5 Coder
(SNA2), Llama 3.3(with a 100% error rate for KAZ2, SNA2
and SHO2), Code Llama (SNA2) and DeepSeek (KAZ2 and
SNA2). On one occasion, a specified version and entry point
prevented the Docker daemon from starting (GPT-3.5 running
KAZ?2). The solution is to be explicit about which image ver-
sion to use and specify that docker : dind should be used under
service: in the deploy stage.

6.4.3. Runtime Errors
RUT: Unit tests ran successfully. Sometimes, the LLM erro-

neously assumed that unit tests are executed via pytest (GPT-
4o for SHO3, Qwen2.5 for KAZ3 and SHO3, Code Llama for

19

KAZ3 and DeepSeek for SHO3). On another occasion, the
LLM would get unit tests, model tests and model evaluation
mixed up and attempt to run scripts meant for different stages
in this stage (GPT-3.5 for SHO3). These issues can be avoided
by providing a clear example of how to run the tests to the LLM.

RTR: Model training ran successfully. Other than problems re-
sulting from no Python image being specified during genera-
tion, there were no problems with the model training stage. The
solution is to specify the precise Python image to use, as for
GPI.

RTE: Model tests ran successfully. Like RTR, errors were
mainly caused by issues with the Python image (see GPI). More
precise instructions to the LLM would help in these cases.

REV: Model evaluation ran successfully. The most frequently
encountered issue with this task was environment variables not
being set correctly, resulting in the model from the train stage
not being found. The solution for the generation task is the
same as the one described for GEN, i.e. to set the environment
variables globally.

RDP: Model deployment ran successfully. Other than the rea-
sons for failure described earlier, sometimes it appeared that
the LLM didn’t understand what “deployment” means in the
pipeline context. As a result, the pipeline would be config-
ured to push the Docker image to registry.gitlab.com (Qwen2.5
Coder and Code Llama for KAZ2, and DeepSeek for SNA2)
or would assume that the model was destined for Kuberneted™|
(DeepSeek for SHO2), and would use the kaniko-builder
command. Another example of the LLM misinterpreting the
specification led to unexpected commands, such as changing
the directory (cd ..), e.g. with Qwen2.5 running SHO2.

7. Improvements and Reevaluation

Based on our findings described in Section[6.4] where we ex-
amine common errors committed by the LLMs, we made sev-
eral improvements to the low-code, natural language template
and the text used when prompting as part of our conversation
template, with a view to running another evaluation after imple-
menting the changes. We describe the changes in this section.
Later in this section, we report on the improved results from the
reevaluation.

7.1. Improvements to the Low-Code, Natural-Language Tem-
plate

Our overall approach remains as in Section 4.3} with some
enhancements. These changes represent a maturation of the
CI/CD specification template, transitioning from a basic func-
tional setup to a more professional, maintainable and stan-
dardised approach that more closely follows GitLab CI best
practices whilst ensuring consistent execution environments,
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artefact management, resource allocation, more precise docu-
mentation and more reliable deployment, addressing our prior
findings. Table ] summarises the changes we made to the
low-code template, which are discussed below. The mod-

Table 4: Comparison of Changes to the Low-Code Template

Aspect Original \ Change
Usage Unlabelled  com- | Labelled commands
mands. with file paths.
Runtime Unspecified Python | Named Python im-
Environ- image. age for all stages.
ment
Dependency | Unclear for which | Introduction of a
Manage- stages dependencies | before_script to
ment should be installed | specify dependen-
and when. cies separate from
execution logic.
Dependency | Program for in- | Specify pip for
Manage- stalling dependen- | dependency instal-
ment cies unspecified. lation.
GitLab Run- | No GitLab runners | Introduction of op-
ners specified. tional runner tags.
Terminology | Inconsistent. Correct use of job
and stage.
Terminology | “Gitlab”, “docker”. “GitLab”,
“Docker”.
Configuration| Scope of environ- | Environment vari-
ment variables un- | ables set globally
defined. (for all stages).
Docker- Mention using | Precise Docker-
in-Docker DIND. in-Docker (DIND)
(DIND) specification for the
deploy stage.
Deployment | Python dependen- | Override
Stage Setup | cies installed. before_script to
skip Python depen-
dencies installation.
Deployment | Deployment to a | Save a Docker im-
Strategy Docker  container | age and provide it as
provided as an | an artefact.
artefact.
Deployment | Description of the | Deploy steps are
Strategy deployment steps. outsourced to an
external script.
Artefact No explicit instruc- | The model artefact
Manage- tions. for the “train” stage
ment should be provided
in the “artifacts:”
section of  the
“train” stage.

ifications specify enhanced script usage instructions to the
LLM by providing more precise documentation for each com-
mand. The improved specification template replaces ambigu-
ous single-script invocations, such as python snake_rl.py
?train|eval|unit_test|model_test? with four explic-
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itly labelled commands for train, eval, unit_test and
model_test, each invoking a dedicated script. This change
makes the usage of each command immediately apparent. The
file paths are also made more explicit by adding ./ prefixes,
which follow better scripting practices and remove any ambi-
guity about file locations.

An essential addition in the improved version is
the Python Docker image specification, for instance
python:3.8-bullseye, for all pipeline stages. This ad-
dition ensures consistent runtime environments across the
entire CI/CD pipeline, eliminating potential issues caused by
environment variations. The original version left the runtime
environment unspecified, which led to inconsistent behaviour
across different pipeline stage runs.

The enhanced solution introduces structured dependency
management by requiring Python packages to be installed in
a dedicated before_script section using pip. This ap-
proach separates dependency installation from the main exe-
cution logic, making the pipeline more maintainable and fol-
lowing GitLab CI best practices. The original version didn’t
specify where or how these requirements should be installed.

The improved implementation requires all stages to use the
gpu-runner tag, ensuring consistent resource allocation across
the pipeline. Whilst not specifically addressing output correct-
ness, this change can expedite pipeline execution and move the
implementation closer to production readiness.

We also refined the use of terminology. References to job
and stage now align with proper GitLab CI terminology. Cap-
italisation of GitLab and Docker has also been corrected.

The enhanced version emphasises centralised configuration
practices by mandating that all environment variables be de-
fined globally in the pipeline’s variables: section. This prac-
tice promotes consistency and easier maintenance compared to
stage-specific variable definitions.

The new implementation provides a detailed Docker-in-
Docker (DIND) configuration for the deploy stage. Whilst
the original version mentioned using DIND generically,
the enhanced version specifies exact requirements: using
docker:latest as the base image, and setting docker :dind
as a service. We also specify an empty before_script: to
avoid conflicts with Docker operations. This level of specificity
prevents common DIND configuration issues.

Deployment has been refined from container deploy-
ment to image artefact creation. The original template
described deployment to a Docker container that is
provided as an artifact, which was somewhat ambigu-
ous. The enhanced solution clarifies that the deploy
stage should save a Docker image and provide it as
an artifact, making the deployment output more explicit
and reusable. The deployment approach has also undergone
a fundamental transformation from the LLM having to guess at
the deployment commands to use based on ambiguous instruc-
tions to script-based execution. Typically, the deployment script
would be provided by the operations infrastructure team. The
original implementation specified SSH deployment tasks, in-
cluding server, user credentials, SSH key management, and file
transfer operations, but not the commands. The improved solu-



tion outsources these operations into an external deploy.sh
script that must be made executable and executed, simplify-
ing the pipeline configuration whilst improving modularity and
maintainability.

The enhanced tool makes artefact configuration more explicit
and comprehensive. Both configurations produce model arte-
facts in models/, but the enhanced template requires defining
these outputs in the artifacts: section of the train stage. This
declaration ensures that downstream processes or future jobs
can reliably locate and use the trained model files.

7.2. Improvements to the Prompting Method

We made several changes to the prompting method. The
overall structure of the conversation template and the prompt-
ing method remain the same as described in Section[4.6] but we
streamlined the content to achieve more accurate output. The
key differences between the original and new implementations
are listed in Table[3and described below.

Table 5: Comparison of Changes to the Conversation Text

’ Aspect \ Original \ Change ‘
Question Write a  Gitlab | Write a  GitLab
Wording CI/CD yml file for | CI/CD YAML file

Python machine- | for Python rein-

learning scripts. forcement learning

scripts.

Sample No GitLab runner | Jobs can include a
Configu- tags section in any | tags section speci-
ration and | jobs. fying a GitLab run-
Output ner.
System “You are a helpful | “You are an expert
Message code assistant that | programmer.”
Wording can teach a junior

developer how to

code.”

Instruction “Don’t explain the | “Don’t explain the
Wording code, just generate | file; just generate
the code block it- | it”

self.”
Terminology | “Gitlab”, “docker”, | “GitLab”,
& Capitali- | “yml”. “Docker”,
sation “YAML”.

The new implementation represents a more mature,
production-ready version with GPU support and more accurate
terminology to guide the chosen LLM in generating more cor-
rect output. Overall, our changes to the file represent a mat-
uration of the tool’s capabilities: it is more targeted in its ap-
plication, supports GPU-enabled execution, and speaks with a
clearer, more confident tone — all whilst maintaining the essen-
tial stages, scripts, and artefact handling of the original conver-
sation template.

The revised question prompt shifts the focus from broad
“Python machine-learning scripts” to the narrower domain of
“Python reinforcement learning scripts” signalling a more pre-
cise use case. This update clarifies the nature of the task and
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aligns it with RL projects rather than generic ML tasks. This
text can, of course, be modified depending on the type of target
project (ML vs RL). By honing in on RL, the template bet-
ter reflects that subfield’s specialised requirements and typical
conventions.

A significant enhancement in the new version is the introduc-
tion of GPU-runner tags, if desired, across all job stages. In the
updated sample specification, a gpu-runner tag is specified
for every stage except any hypothetical deploy stage, and each
job block in the generated YAML now includes a tags section
listing gpu-runner. This change can, of course, be customised
to the user’s infrastructure. For instance, the tags specification
may be omitted entirely, the runner may be named differently
than gpu-runner, and the stages for which the tags are speci-
fied or omitted may be modified. This modification, whilst not
targeting LLLM correctness, ensures that jobs will be executed
on runners equipped with GPU resources, which is critical for
compute-intensive RL training and evaluation tasks in produc-
tion.

We also refined the system and instruction messages to
present a more authoritative and professional voice. What
was previously phrased as a helpful code assistant
that can teach a junior developer how to code in
the system message is now an expert programmer. The
instruction  Don’t explain the code, just generate
the code block itself in the instruction message has
been streamlined to Don’t explain the file; just
generate it. These adjustments shorten the phrasing and
elevate the perceived expertise of the assistant, making it more
likely to create concise, expert-level assistance.

Terminology in the system messages and specifications has
been standardised for consistency and clarity. References to
Gitlab have been updated to GitLab in keeping with the
proper product name, and the capitalisation of Docker has
been corrected. The description of the CI/CD configuration has
also shifted from ym1 file to YAML file where appropriate,
reflecting the more formal nomenclature used in professional
documentation and to make the expected markup format clear.
These changes aim to increase the correctness of the LLMs’
generated output. The terms were also updated in the rest of the
codebase where appropriate.

7.3. Reevaluation

We ran the refined implementation on the best-performing
LLM from the first evaluation round, GPT-40, and evaluated
it as previously described in Section [5] The results are sum-
marised in Table[A.T3] In short, we achieved perfect results for
this LLM and the new implementation. GPT-40 scored an over-
all error of zero for every combination of evaluation variable,
project and scenario. Based on this success, we did not see the
need to continue evaluating the remaining LLMs.

8. Integration of our Approach in an Industry Setting

This section describes the approach taken to apply our so-
lution in an industrial CPPS. This integration is currently be-



ing developed in collaboration with an industry partner in a re-
search and development project for the next generation of intel-
ligent CPPSs. The tool finds particular applicability in scenar-
ios where pipeline configurations must be continuously created
and edited at scale, i.e. for many factories. Figure [7]depicts a
typical CPPS setup.

In Figure [/} our tool (LCF - Low Code Flow) enables RL
engineers, software developers and MLOps practitioners (rep-
resented collectively as the RL Engineer) to generate GitLab
CI/CD pipeline configurations based on our low-code template
using an LLM. The RL Engineer is the human agent of the sys-
tem architecture and is focused on designing, sustaining, and
optimising industrial-level solutions based on RL.

The Software Engineering Environment is where the RL
Engineer carries out their main work activities. This environ-
ment comprises key elements which facilitate successful devel-
opment processes. The IDE (Integrated Development Environ-
ment) gives the RL Engineer a complete set of development
tools tailored to RL development, such as debugging support of
complex multi-agent systems and visualisation support to un-
derstand agent behaviour. It can simplify the development pro-
cess and cut the complexity of creating the RL system. The
RL Engineer may make use of LLMs, chatbots or integrated
AI tools like Copilof®] - LLM/Chatbot/Copilot in Figure
These tools assist the RL Engineer with smart help such as
coding suggestions, auto-documenting, and problem-solving.
More importantly for the context of this paper, the RL Engi-
neer can also use our program - Low Code Flow (LCF), which
utilises an underlying LLM.

The Code Repository has version control and collaboration
infrastructure so that all RL algorithm implementations, config-
uration files and system integration code are correctly tracked
and managed. This aspect matters since, during the develop-
ment of RL, a lot of experimentation and iteration typically
occur, and robust version control is crucial to ensuring repro-
ducible outcomes. As the RL Engineer commits code changes
to the repository, the CI/CD pipeline automatically triggers, il-
lustrating automated integration between the development and
operational deployment processes. The difference with our
solution is that LCF can create and edit an RLOps CI/CD
Pipeline and commit it via the tool to the Code Repository,
which also triggers a CI/CD pipeline run.

The RLOps CI/CD Pipeline within the RLOps Environ-
ment that gets triggered as described is the automation engine
that coordinates the building, testing, validation and deploy-
ment of RL models. It aims to ensure that new model versions
are evaluated systematically before deployment and that system
reliability is ensured with the possibility of ongoing improve-
ment. The Model Repository is a centralised model versioning
and storage system that tracks metadata regarding model per-
formance, model training parameters, and deployment history.
This aspect is essential as RL models need a large amount of
training, and their performance is often highly dependent on the
training circumstances, so it is essential that production systems
correctly version and manage metadata.

Phttps://copilot.microsoft.com
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The CPPS Factory Environment in Figure [/|is the phys-
ical manufacturing environment where RL algorithms are im-
plemented on real-life production processes. An External
Trigger, such as changes in real-world model factory perfor-
mance according to predefined performance metrics, can trig-
ger a new deployment within the CPPS Factory Environment.
The Model Selector may be used to deliver models to pro-
duction factories. It offers intelligent model selection features,
which allow the dynamic selection of suitable models from the
Model Repository according to the existing operational condi-
tions, production needs or performance indicators. It enables
adaptive manufacturing systems to adjust their intelligence au-
tomatically in response to changing conditions without requir-
ing human intervention. The Line Controller is the main or-
chestration element of manufacturing processes that organises
the work of several production units and coordinates the op-
erations, deploying models to any number of Cyber-Physical
Production Units (CPPUs), each of which may have a differ-
ent RL strategy at its core and be associated with robots with
varying capabilities and competencies. CPPUs are extendable
manufacturing units, which are physical equipment with cyber
functionality. These units are necessary because they are the
real locations where Als make decisions that affect physical
production.

The Digital Twin is a virtual representation of physical man-
ufacturing assets in real time, which can be simulated, pre-
dicted, and optimised without affecting real production. Itisim-
portant because it enables RL agents to experiment with strate-
gies and estimate their outcomes with great certainty before
changing the physical world.

Equipment Control directly communicates with actual
manufacturing machinery and converts high-level commands
issued by the RL agents into explicit equipment instructions.
This element is necessary to guarantee safe and effective phys-
ical realisation of Al-generated strategies.

The RL/MARL Agent (Multi-Agent Reinforcement Learn-
ing Agent) is the heart of Al that can learn and optimise man-
ufacturing processes using either an RL or MARL framework.
This agent is the final frontier of the whole system architec-
ture, in which the models are put into action to make real-time
decisions that directly affect production efficiency, quality and
adaptability.

9. Discussion

This section discusses our results in the context of the
research questions defined in Section [T}

RQ1 How accurately can a low-code, template-based mod-
ular flow approach — leveraging LLMs for generation and
validation — produce correct MLOps pipeline configurations
for RL? Our empirical validation confirms that our low-code,
template-based approach can generate MLOps pipelines with
low error rates, contingent on the specific LLM selected for the
task, which is discussed in further detail below under RQ?2. Ini-
tial overall error rates across all evaluation variables, projects
and scenarios ranged from 0.09 (GPT-40) to 0.3 (Code Llama).
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Regarding task categories, our approach achieved a best error
rate of O for generation tasks, 0.09 for natural language tasks,
and 0.26 for runtime tasks, all achieved by GPT-40. We also
showed that error rates can be improved by making only mi-
nor corrections to the generated pipeline configuration, subse-
quently achieving perfect results for GPT-40. Typically, these
minor amendments are carried out by the individuals closest
to the pipeline’s domain: MLOps specialists, domain experts,
ML engineers or in leaner teams, experienced data scientists
who wear multiple hats. Since our approach flags errors via the
LLMs’ validation feedback or through straightforward GitLab
failure messages, remedying issues often amounts to little more
than updating some text in the low-code template and pipeline
specification instances, or being more precise in the conversa-
tion template. Ample examples of correcting the errors noted
in Section[6.4] are documented in Section [7}

Such tweaks as those we implemented impose a minimal
burden on non-expert users, as the requisite details (for in-
stance, using approved container images) are usually supplied
alongside the pipeline templates by the underlying infrastruc-
ture team. Errors of this nature typically arise because the
user neglected to specify the correct image in the first place.
If, however, the LLM itself generates a pipeline configuration
that doesn’t succeed at runtime, for instance because it erro-
neously used an incorrect command to install Python depen-
dencies (like apt instead of pip), then the user can add natu-
ral language text to the pipeline specification file that Python
requirements should be installed using pip and re-
run the tool. This continuous refinement can also aid in reduc-
ing future error rates.

Combined with selected LLMs’ abilities to handle natural
language inputs, our approach is potentially a good option for
users who may not have deep DevOps knowledge, helping to
make pipeline development more accessible. Our templates
support a wide range of pipeline features. With their rigid struc-
ture, they are designed to guide practitioners, making it easy for
users to specify their needs in natural language whilst also being
detailed enough for LLMs to produce correct output, reducing
the likelihood of a mismatch between expected and generated
output.

We see a practical application of our approach: it can poten-
tially reduce development time as users work with templates de-
veloped for pipeline descriptions, decreasing time spent learn-
ing how to write and debug GitLab pipeline configurations di-
rectly. Our solution could increase accessibility for non-experts
as it allows users to participate in pipeline production without
needing extensive software engineering or DevOps knowledge.
The templates may enable rapid development, particularly in
complex or dynamic settings with many pipelines or continu-
ous pipeline creation or adaptation. Indeed, we plan to test the
potential for increased production speed and applicability in a
user study in future work (see Section [TT).

Our findings provide concrete contributions. We discovered
some common errors that different LLMs make when gener-
ating pipelines, which can guide practitioners on improving
communication with LLMs when implementing an approach
like ours. A key takeaway is that the limitations of the poorly
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performing LLMs appear due to ambiguity or lack of detail in
parts of the pipeline specifications. Being more precise in the
template and providing more GitLab-specific knowledge to the
LLM can improve results further — we achieved perfect results
for GPT-4o after doing so. A further contribution of this study
is our comprehensive set of evaluation variables, and their re-
sulting error rate metric can be used to assess the correctness
of any MLOps or MLOps pipeline or automated approach with
minimal modification, which could be used in similar studies or
applications.

RQ2 How accurately do different LLMs generate MLOps
pipeline configurations for RL, and what are their limitations?
Comparative analysis of our initial results demonstrates that
OpenAI's GPT-40 model performed best across all task types,
with an overall error rate of just 0.09, and was the overall best-
performing LLM. This result represents high consistency, re-
liability and accuracy in generating correct outputs. GPT-40
outperformed the other LLMs across most evaluation variables,
with lower or equal overall error rates in most cases.

Qwen2.5 Coder also performed well, achieving an overall
error rate of (.15, with a generation task error rate similar to
that of GPT-40 (0.04 and O respectively). Qwen2.5 Coder per-
formed much worse than GPT-40 for natural language (0.17
vs 0.09 respectively) and runtime tasks (0.36 vs 0.26 respec-
tively). Many LLMs had zero errors for multiple evaluation
variables across all projects and scenarios. In particular, most
LLMs achieved an error rate of zero for the generation tasks
corresponding to GAS (“the generated script contains all re-
quired stages”), GSO (“the required stages are in the correct
order””) and GAR (“all Python requirements and the necessary
Linux packages are correctly installed for all required stages”).
GPT-40 consistently achieved zero-error results for a broader
range of evaluation variables, suggesting users can expect more
reliable output from a pipeline built with GPT-40 using our ap-
proach. We noted a low variability in error rates for GPT-4o,
which was much more consistent across different projects, sce-
narios, and tasks, and performed remarkably well. All mod-
els struggled with the deployment task corresponding to RDP
(“model deployment ran successfully”’), which proved chal-
lenging at runtime, and a lowest error rate of only 0.72 was
achieved (by Qwen2.5 Coder).

That GPT-40 demonstrated an overall error rate of only 0.09,
beating more specialised coding models like Qwen2.5 Coder,
Code Llama and DeepSeek R1 (with overall errors of 0.15, 0.3
and 0.22 respectively), is both surprising and indicative of the
advancement in model design and training techniques. Despite
their specialisation in code generation, these LLMs could not
compare to GPT-4o in terms of consistency and accuracy. Even
broader models such as GPT-3.5 Turbo, Qwen2.5 and Llama
3.3 (overall error rates being 0.19, 0.18 and 0.18 respectively)
could not match GPT-40, indicating that the architectural im-
provements and multimodality of GPT-40 provide a practical
benefit to tackle various tasks without sacrificing depth and
accuracy. The fact that GPT-40 performed consistently well
on different projects and scenarios indicates its stability, and
it is an ideal option in pipelines where consistency of output
is paramount. This consistency is compounded by GPT-40’s



perfect performance in the enhanced version of our tool after
making minimal changes.

Our results raise the question of what specialised LLMs can
reasonably be expected to accomplish compared to more gen-
eral LLMs. It could be expected that a model designed specifi-
cally to code — like Code Llama or DeepSeek R1 — would per-
form well on generation or runtime benchmarks that involved
programming tasks. Still, these models performed worse over-
all on deployment and runtime tasks. The fact that these coding-
oriented LLMs underperform shows that specialisation does
not necessarily imply lower error rates in all task dimensions.
Instead, the balanced and subsequent perfect performance of
GPT-40 on natural language, generation and execution tasks
implies that multimodal training and inference optimisations
can be more reliably integrated to produce an overall perfor-
mance that is greater than the sum of its parts. To organisations
considering model selection, these results point to the impor-
tance of flexibility and robustness over domain specialisation,
and that even the most accurate coding LLMs may need sup-
plementary validation mechanisms in production, such as the
ones we implemented, to counter edge-case failures.

Our comparison shows that LLMs vary in performance, and
standard LLMs can produce impressive results. A key observa-
tion is that code-specific LLMs should not automatically be as-
sumed to perform better than non-code-specific LLMs for code-
generation applications such as ours. Combining the strengths
of multiple LLMs, fine-tuning, and more advanced prompt en-
gineering and error correction techniques, focusing on the most
challenging tasks, may yield even better results. Alternatively,
by being more precise in our pipeline specification and conver-
sation template, results were improved upon even further.

10. Threats to Validity

In this section, we address threats to validity according to
Wohlin et al. [56].

Internal Validity. The correctness of the produced pipelines de-
pends on how comprehensive and precise the templates are.
LLMs’ capabilities to accurately understand and create code
from template-based and natural language instructions can vary.
Incorrectly interpreting templates, particularly natural language
inputs, can lead to mistakes or less-than-ideal configurations,
which in turn may cause problems in the generated pipelines. In
cases where we implemented specific checks for the contexts of
the generated configurations, this issue was often considerably
reduced.

The way prompts are designed also heavily influences the
correctness of LLM-generated pipelines. If prompt phrasing is
unintentionally biased toward certain LLMs, some models may
perform better due to better alignment with the prompt style
rather than their actual capabilities. We sought to mitigate this
risk by using carefully formulated prompts, applying few-shot
prompting and prompt chaining, and error detection and retries
to guide the LLMs. We manually inspected LLM output over
numerous scenarios, evaluation variables, projects and LLMs.
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We did not detect any incompatibility or bias that was obvi-
ously linked to the prompt style. We refined the prompts during
the initial development phase (before beginning the evaluation)
until we started receiving reasonable outputs from the LLMs.

External Validity. We assess our approach based on a small
number of RL cases, which may not apply to other fields or
project types. Due to the scarcity of open-source MLOps
projects utilising RL, we had to independently develop the
ground-truth pipelines for our case study projects. Although
we adhered to practices observed in the industry (based on the
literature 8} [17, 23] and industry projects), we may have over-
looked some essential MLOps practices. Various systems might
need considerable modifications to the specification and gener-
ation classes. Whilst these factors could restrict the immedi-
ate use of our methodology, the fundamental approach should
still be relevant in similar situations. The effectiveness of our
approach is contingent on the capabilities of the underlying
LLMs. Differences in the quality of the model or the inputs
given to it can affect the standard of the generated pipelines.
We tackled this concern by conducting tests on various cases,
evaluation scenarios and LLMs.

Construct Validity. The metrics used to assess the generated
pipelines might not comprehensively reflect all aspects of their
performance, and all evaluation metrics carry equal weight in
our assessment. In contrast, some factors may hold greater sig-
nificance in practice than others. In this case, one could re-
evaluate our findings using a set of weighted metrics.

The effectiveness of the natural language-based specification
components relies on the accuracy of the user’s inputs. There-
fore, slight variations in human inputs can result in inconsis-
tencies in the generated outputs, which could affect the validity
of the results. Likewise, differently structured prompts could
yield different generated outcomes. We ran our evaluation mul-
tiple times for multiple projects and LLMs to account for this
eventuality.

Conclusion Validity. The results of our experiments rely on a
small number of examples and cases. A broader and more var-
ied range of case study projects might strengthen the validation
of our approach. Any biases present in the training data of the
LLMs we used could have affected the generated pipelines. We
addressed this concern by conducting tests with multiple LLMs.

11. Conclusion and Future Work

In this paper, we present a novel approach for automating the
generation of MLOps pipelines for RL applications, employ-
ing a low-code, template-based, modular approach that lever-
ages LLMs to enable users with minimal coding expertise to
generate MLOps pipelines for testing, model training and val-
idation, and model deployment. Our evaluation indicates low
error rates for pipeline generation, natural language compre-
hension and runtime tasks, with GPT-40 performing best out of
seven LLMs and even achieving a perfect overall error rate of
zero after simple refinement of our tool. The results indicate



how LLMs, with the correct approach incorporating a valida-
tion and correction strategy, can foster trustworthiness in soft-
ware by minimising errors in the underlying infrastructure and
issues with LLM-based code generation.

To further validate our solution, assess its usefulness, and
inform future enhancements, we plan to conduct a quantita-
tive user study comparing the use of our approach with the
manual creation of pipeline configurations as part of an In-
dustry 4.0 case study in collaboration with domain experts.
We suggest that using our proposed system could drastically
reduce coding requirements, accelerate pipeline development,
and bring MLOps closer to data scientists and other domain ex-
perts who may lack advanced software engineering or DevOps
skills, thereby democratising MLOps and simplifying pipeline
creation for people with limited technical know-how.

Other potential directions include fine-tuning LLMs and de-
veloping more advanced error detection and correction mech-
anisms in the pipeline generation process to support a broader
range of LLM types. These improvements could target weaker
tasks (such as model deployment). Another enhancement could
be incorporating a feedback mechanism that learns from de-
ployed pipelines to improve future pipeline generation.

Finally, this study focused on the applicability of our ap-
proach and the correctness of our pipeline. A future study could
examine LLM pipeline generation efficiency, including aspects
such as the time taken to generate a pipeline and the number of
tokens consumed, since these are also factors in practice.
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Appendix A. Evaluation Results Tables

This appendix contains the tables with the evaluation results
for each model, the scenarios and the evaluation variables. The
rows of each table specify an evaluation variable or task type
as described in Section [5] such as GPI (“The generated script
uses a correct Python image”). The final rows correspond to the
sets of evaluation variable types, for example, Overall Error GS
represents all generation tasks. The final row, Overall Error,
represents all evaluation variables. The columns, except the fi-
nal column, contain the error rates for the open-source projects
KAZ, SNA, and SHO described in Table [2] and the evaluation
scenarios 1, 2 and 3 described in Section[5.2] as numerical suf-
fixes. For instance, SNAI, SNA2 and SNA3 indicate the SNA
project and each of the three evaluation scenarios. The last
column, Overall Error, shows the overall error rate across all
projects and scenarios for a given task type. As another exam-
ple, in Table[A.€] the cell represented by row GEN and column
KAZ2 shows an error rate of 0.33 for the evaluation variable
GEN (“All specified environment variables are correctly set”).
The final column of the same row indicated an overall error
rate of 0.22 across all projects and scenarios. The cell for col-
umn SHO! and row Overall Error GS indicates an overall error
of 0.06 for that project and scenario for generation tasks, and
the final row in that column shows an overall error of 0.17 for
project and scenario SHO! across all evaluation variables.
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Table A.6: GPT-3.5 Turbo 0613 (Version 2023-06-13) Initial Results: Error Rates

KAZI | KAZ2 | KAZ3 | SNAI | SNA2 | SNA3 | SHOI | SHOZ? | SHO3 | Overall Error
GPI 0.00 | 0.67 | 0.00 | 0.00 | 0.33 [ 000 [ 0.00 [ 0.00 | 0.00 0.11
GAS 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 000 | 0.00 | 0.00 | 0.0 0.00
GSO 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 000 | 0.00 | 0.00 | 0.00 0.00
GAR 0.00 | 0.00 | 0.00 | 0.00 | 033 | 000 | 0.00 | 0.67 | 0.0 0.11
GEN 0.00 | 033 | 033 | 033 [ 000 | 033 | 033 | 000 | 0.33 0.22
GMS 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 000 | 0.00 | 0.00 | 0.00 0.00
GCD NA [ 000 | NA | NA | 000 | NA | NA | 000 | NA 0.00
GDA NA | 033 | NA | NA | 067 | NA | NA | 033 | NA 0.44
NTA 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 000 | 0.00 | 0.00 | 0.0 0.00
NET 0.00 | 0.00 | 0.00 | NA | 000 | 000 | 1.00 | 0.00 | 0.00 0.11
NMT NA | NA | 100 | NA | NA | 1.00 | NA | NA | 067 0.89
NSK NA | NA | 100 | NA | NA | 033 | NA | NA | 033 0.56
NSC NA | NA | 100 | NA | NA | 100 | NA | NA | 100 1.00
NDA NA | 033 | NA | NA | 067 | NA | NA | 033 | NA 0.44
NDI NA [ 067 | NA | NA | 033 | NA | NA | 033 | NA 0.44
RUT NA | NA [ 000 | NA | NA | 000 | NA | NA | 067 0.22
RTR 0.00 | 0.67 | 0.00 | 0.00 | 033 | 000 | 0.00 | 0.67 | 0.0 0.19
RTE NA | NA [ 000 | NA | NA | 000 | NA | NA | 067 0.22
REV 0.00 | 0.67 | 0.00 | NA | 033 | 033 | 033 | 0.00 | 0.0 0.19
RDP NA | 100 | 1.00 | NA | 067 | 1.00 | NA | 033 | 1.00 0.83
Overall Error GS || 000 | 0.17 | 0.06 | 0.06 | 0.17 | 0.06 | 0.06 [ 0.13 | 0.6 0.08
Overall Error NL || 0.00 | 025 | 0.60 | 0.00 | 025 | 047 | 050 | 0.17 | 0.40 0.29
Overall Error RJ_||_ 000 | 078 | 020 | 0.00 | 044 | 027 | 0.17 | 033 | 047 0.30
Overall Error 0.00 | 031 | 027 | 0.04 | 024 | 025 | 0.7 | 0.8 | 029 0.19

Table A.7: GPT-40 (Version 2024-08-06) Initial Results: Error Rates

KAZI | KAZ2 | KAZ3 | SNAI | SNA2 | SNA3 | SHOI | SHOZ? | SHO3 | Overall Error

GPI 0.00 0.33 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.04
GAS 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GSO 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GAR 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GEN 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GMS 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GCD NA 0.00 NA NA 0.00 NA NA 0.00 NA 0.00
GDA NA 0.00 NA NA 0.00 NA NA 0.00 NA 0.00
NTA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
NET 0.00 0.00 0.00 NA 0.00 0.00 1.00 0.00 0.00 0.11
NMT NA NA 0.00 NA NA 0.00 NA NA 0.00 0.00
NSK NA NA 0.00 NA NA 0.33 NA NA 0.00 0.11
NSC NA NA 0.00 NA NA 0.33 NA NA 0.00 0.11
NDA NA 0.00 NA NA 0.00 NA NA 0.00 NA 0.00
NDI NA 0.00 NA NA 0.33 NA NA 0.33 NA 0.22
RUT NA NA 0.33 NA NA 0.00 NA NA 0.33 0.22
RTR 0.00 0.33 0.33 0.00 0.00 0.00 0.00 0.00 0.33 0.11
RTE NA NA 0.33 NA NA 1.00 NA NA 0.33 0.56
REV 0.00 0.33 0.33 NA 0.00 0.33 0.00 0.00 0.33 0.15
RDP NA 1.00 0.33 NA 1.00 1.00 NA 1.00 0.33 0.78
Overall Error GS 0.00 0.04 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Overall Error NL 0.00 0.00 0.00 0.00 0.08 0.13 0.50 0.08 0.00 0.09
Overall Error RJ 0.00 0.56 0.33 0.00 0.33 0.47 0.00 0.33 0.33 0.26
Overall Error 0.00 0.13 0.10 0.00 0.09 0.19 0.10 0.09 0.10 0.09
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Table A.8: Qwen2.5 72B Initial Results: Error Rates

KAZI | KAZ2 | KAZ3 | SNAI | SNA2 | SNA3 | SHOI | SHOZ? | SHO3 | Overall Error

GPI 0.00 0.00 0.00 0.00 0.33 0.00 0.00 0.00 0.00 0.04
GAS 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GSO 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GAR 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GEN 0.00 0.33 0.67 0.00 0.00 0.33 0.00 0.00 1.00 0.26
GMS 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GCD NA 0.00 NA NA 0.33 NA NA 0.00 NA 0.11
GDA NA 0.00 NA NA 0.00 NA NA 0.00 NA 0.00
NTA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
NET 0.00 0.00 0.00 NA 0.00 0.00 1.00 0.00 0.00 0.11
NMT NA NA 0.00 NA NA 0.00 NA NA 0.00 0.00
NSK NA NA 0.00 NA NA 0.33 NA NA 0.00 0.11
NSC NA NA 0.33 NA NA 0.67 NA NA 0.33 0.44
NDA NA 0.00 NA NA 0.00 NA NA 0.00 NA 0.00
NDI NA 0.67 NA NA 1.00 NA NA 0.67 NA 0.78
RUT NA NA 1.00 NA NA 0.33 NA NA 1.00 0.78
RTR 0.00 0.00 1.00 0.00 0.33 0.33 0.00 0.00 1.00 0.30
RTE NA NA 1.00 NA NA 0.33 NA NA 1.00 0.78
REV 0.00 0.33 1.00 NA 0.33 0.67 0.00 0.00 1.00 0.37
RDP NA 0.67 1.00 NA 1.00 1.00 NA 1.00 1.00 0.94
Overall Error GS 0.00 0.04 0.11 0.00 0.08 0.06 0.00 0.00 0.17 0.05
Overall Error NL 0.00 0.17 0.07 0.00 0.25 0.20 0.50 0.17 0.07 0.16
Overall Error RJ 0.00 0.33 1.00 0.00 0.56 0.53 0.00 0.33 1.00 0.42
Overall Error 0.00 0.13 0.38 0.00 0.22 0.25 0.10 0.11 0.40 0.18

Table A.9: Qwen2.5 Coder 32B Initial Results: Error Rates

KAZI | KAZ2 | KAZ3 | SNAI | SNA2 | SNA3 | SHOI | SHOZ? | SHO3 | Overall Error

GPI 0.00 0.33 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.04
GAS 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GSO 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GAR 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GEN 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00 0.11
GMS 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GCD NA 0.00 NA NA 0.67 NA NA 0.00 NA 0.22
GDA NA 0.33 NA NA 0.00 NA NA 0.33 NA 0.22
NTA 0.33 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.04
NET 0.00 0.00 0.00 NA 0.00 0.00 0.67 0.00 0.00 0.07
NMT NA NA 0.00 NA NA 0.00 NA NA 0.00 0.00
NSK NA NA 0.00 NA NA 0.33 NA NA 0.67 0.33
NSC NA NA 0.33 NA NA 0.00 NA NA 0.00 0.11
NDA NA 0.67 NA NA 0.67 NA NA 0.33 NA 0.56
NDI NA 0.33 NA NA 0.67 NA NA 0.33 NA 0.44
RUT NA NA 0.00 NA NA 0.00 NA NA 1.00 0.33
RTR 0.00 0.33 0.00 0.00 1.00 0.00 0.00 0.00 1.00 0.26
RTE NA NA 0.00 NA NA 1.00 NA NA 1.00 0.67
REV 0.00 0.33 0.00 NA 1.00 1.00 0.00 0.00 1.00 0.37
RDP NA 0.67 0.33 NA 1.00 1.00 NA 0.33 1.00 0.72
Overall Error GS 0.00 0.08 0.00 0.00 0.08 0.00 0.00 0.04 0.17 0.04
Overall Error NL 0.17 0.25 0.07 0.00 0.33 0.07 0.33 0.17 0.13 0.17
Overall Error RJ 0.00 0.44 0.07 0.00 1.00 0.60 0.00 0.11 1.00 0.36
Overall Error 0.03 0.20 0.04 0.00 0.33 0.21 0.07 0.09 0.42 0.15
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Table A.10: Llama 3.3 70B Initial Results: Error Rates

KAZI | KAZ2 | KAZ3 | SNAI | SNA2 | SNA3 | SHOI | SHOZ? | SHO3 | Overall Error

GPI 0.00 1.00 0.00 0.00 1.00 1.00 0.00 0.00 0.00 0.33
GAS 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GSO 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GAR 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GEN 0.00 0.00 0.00 0.33 0.33 0.33 0.00 0.00 0.00 0.11
GMS 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GCD NA 0.00 NA NA 0.00 NA NA 0.00 NA 0.00
GDA NA 0.00 NA NA 0.00 NA NA 0.00 NA 0.00
NTA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
NET 0.00 0.00 0.00 NA 0.00 0.00 0.67 0.00 0.00 0.07
NMT NA NA 0.00 NA NA 0.00 NA NA 0.00 0.00
NSK NA NA 0.33 NA NA 0.00 NA NA 0.00 0.11
NSC NA NA 0.00 NA NA 0.00 NA NA 0.00 0.00
NDA NA 0.00 NA NA 0.67 NA NA 0.00 NA 0.22
NDI NA 1.00 NA NA 1.00 NA NA 1.00 NA 1.00
RUT NA NA 0.00 NA NA 1.00 NA NA 0.67 0.56
RTR 0.00 1.00 0.00 0.00 1.00 1.00 0.00 0.00 0.67 0.41
RTE NA NA 0.00 NA NA 1.00 NA NA 0.67 0.56
REV 0.00 1.00 0.00 NA 1.00 1.00 0.00 0.00 0.67 0.41
RDP NA 1.00 0.00 NA 1.00 1.00 NA 1.00 0.67 0.78
Overall Error GS 0.00 0.13 0.00 0.06 0.17 0.22 0.00 0.00 0.00 0.06
Overall Error NL 0.00 0.25 0.07 0.00 0.42 0.00 0.33 0.25 0.00 0.15
Overall Error RJ 0.00 1.00 0.00 0.00 1.00 1.00 0.00 0.33 0.67 0.44
Overall Error 0.00 0.33 0.02 0.04 0.40 0.40 0.07 0.13 0.21 0.18

Table A.11: Code Llama 70B Initial Results: Error Rates

KAZI | KAZ2 | KAZ3 | SNAI | SNA2 | SNA3 | SHOI | SHOZ? | SHO3 | Overall Error

GPI 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GAS 0.00 0.00 0.00 0.00 0.00 0.00 0.67 0.00 0.00 0.07
GSO 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.33 0.04
GAR 0.00 0.00 0.00 0.00 0.00 0.67 0.00 0.33 0.00 0.11
GEN 1.00 0.67 0.67 0.00 0.33 0.67 0.00 0.67 0.67 0.52
GMS 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GCD NA 0.67 NA NA 0.33 NA NA 0.00 NA 0.33
GDA NA 1.00 NA NA 1.00 NA NA 1.00 NA 1.00
NTA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
NET 0.00 0.00 0.00 NA 0.33 0.33 1.00 0.00 0.33 0.22
NMT NA NA 0.00 NA NA 0.33 NA NA 0.00 0.11
NSK NA NA 0.33 NA NA 0.33 NA NA 0.33 0.33
NSC NA NA 0.00 NA NA 1.00 NA NA 0.33 0.44
NDA NA 1.00 NA NA 1.00 NA NA 1.00 NA 1.00
NDI NA 0.33 NA NA 0.67 NA NA 0.33 NA 0.44
RUT NA NA 0.67 NA NA 0.67 NA NA 0.33 0.56
RTR 0.00 0.67 0.67 0.00 0.67 0.67 0.00 0.33 0.33 0.37
RTE NA NA 0.67 NA NA 0.67 NA NA 0.33 0.56
REV 1.00 1.00 0.67 NA 1.00 1.00 1.00 1.00 0.33 0.78
RDP NA 1.00 0.67 NA 1.00 1.00 NA 1.00 1.00 0.94
Overall Error GS 0.17 0.29 0.11 0.00 0.21 0.22 0.11 0.25 0.17 0.17
Overall Error NL 0.00 0.33 0.07 0.00 0.50 0.40 0.50 0.33 0.20 0.26
Overall Error RJ 0.50 0.89 0.67 0.00 0.89 0.80 0.50 0.78 0.47 0.61
Overall Error 0.20 0.42 0.27 0.00 0.42 0.46 0.27 0.38 0.27 0.30
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Table A.12: DeepSeek R1 70B (Version 2025-01-20) Initial Results: Error Rates

KAZI | KAZ2 | KAZ3 | SNAI | SNA2 | SNA3 | SHOI | SHOZ? | SHO3 | Overall Error
GPI 0.00 | 033 | 0.00 | 0.00 | 0.00 [ 000 [ 0.00 [ 0.00 | 0.00 0.04
GAS 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 000 | 0.00 | 0.00 | 0.0 0.00
GSO 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 000 | 0.00 | 0.00 | 0.00 0.00
GAR 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 000 | 0.00 | 0.00 | 0.00 0.00
GEN 0.67 | 033 | 033 | 0.00 | 033 | 000 | 0.67 | 0.00 | 0.00 0.26
GMS 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 000 | 0.00 | 0.00 | 0.00 0.00
GCD NA [ 000 | NA | NA | 033 | NA | NA | 000 | NA 0.11
GDA NA | 033 | NA | NA [ 033 | NA | NA | 067 | NA 0.44
NTA 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 000 | 0.00 | 0.00 | 0.0 0.00
NET 0.00 | 0.00 | 0.00 | NA | 000 | 000 | 033 | 0.00 | 0.0 0.04
NMT NA | NA | 000 | NA | NA | 000 | NA | NA | 000 0.00
NSK NA | NA | 067 | NA | NA | 033 | NA | NA | 067 0.56
NSC NA | NA | 033 | NA | NA | 033 | NA | NA | 067 0.44
NDA NA | 067 | NA | NA | 100 | NA | NA | 067 | NA 0.78
NDI NA [ 100 | NA [ NA | 100 | NA | NA | 033 | NA 0.78
RUT NA | NA | 033 | NA | NA | 033 | NA | NA | 100 0.56
RTR 0.00 | 033 | 033 | 0.00 | 067 | 067 | 0.00 | 0.00 | 1.00 0.33
RTE NA | NA [ 033 | NA | NA | 067 | NA | NA | 1.00 0.67
REV 0.67 | 067 | 033 | NA | 0.67 | 067 | 0.67 | 000 | 1.00 0.52
RDP NA | 100 | 1.00 | NA | 100 | 1.00 | NA | 1.00 | 1.00 1.00
Overall Error GS || 0.11 | 0.13 | 0.06 | 0.00 | 0.13 | 000 [ 0.IT [ 0.08 | 0.0 0.07
Overall Error NL || 0.00 | 042 | 020 | 0.00 | 050 | 0.13 | 0.17 | 025 | 027 0.21
Overall Error RJ || 033 | 0.67 | 047 | 0.00 | 078 | 0.67 | 033 | 033 | 1.00 0.51
Overall Error 013 | 031 | 023 | 0.00 | 036 | 025 | 0.17 | 0.18 | 040 0.22

Table A.13: GPT-40 (Version 2024-08-06) Improved Results: Error Rates

KAZI | KAZ2 | KAZ3 | SNAI | SNA2 | SNA3 | SHOI | SHOZ? | SHO3 | Overall Error

GPI 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GAS 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GSO 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GAR 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GEN 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GMS 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GCD NA 0.00 NA NA 0.00 NA NA 0.00 NA 0.00
GDA NA 0.00 NA NA 0.00 NA NA 0.00 NA 0.00
NTA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
NET 0.00 0.00 0.00 NA 0.00 0.00 0.00 0.00 0.00 0.00
NMT NA NA 0.00 NA NA 0.00 NA NA 0.00 0.00
NSK NA NA 0.00 NA NA 0.00 NA NA 0.00 0.00
NSC NA NA 0.00 NA NA 0.00 NA NA 0.00 0.00
NDA NA 0.00 NA NA 0.00 NA NA 0.00 NA 0.00
NDI NA 0.00 NA NA 0.00 NA NA 0.00 NA 0.00
RUT NA NA 0.00 NA NA 0.00 NA NA 0.00 0.00
RTR 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
RTE NA NA 0.00 NA NA 0.00 NA NA 0.00 0.00
REV 0.00 0.00 0.00 NA 0.00 0.00 0.00 0.00 0.00 0.00
RDP NA 0.00 0.00 NA 0.00 0.00 NA 0.00 0.00 0.00
Overall Error GS 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Overall Error NL 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Overall Error RJ 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Overall Error 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
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