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Abstract. The rapid evolution of Quantum Development Kits (QDKs) introduces a
specific form of technical debt that compromises code maintainability and hinders
software reuse. In the specialized domain of Quantum Software Engineering (QSE),
this challenge is intensified by the scarcity of high-quality training data and the high
volatility of emerging frameworks, which often lead general-purpose Large Language
Models (LLMs) to produce unreliable or hallucinated results. This paper proposes
a hybrid approach integrating LLMs with Retrieval-Augmented Generation (RAG)
to automate the migration of Qiskit code across versions. The proposed methodol-
ogy enhances the precision and reliability of migration suggestions by leveraging an
automatically generated taxonomy of migration scenarios as the structured, version-
specific knowledge source to guide the models. The approach is implemented through
an automated, extensible workflow evaluating LLMs (Google Gemini Flash-2.5 and
OpenAI Gpt-oss-20b) under different retrieval schemes (unconstrained and restric-
tive). Results demonstrate that the taxonomy-based RAG architecture, particularly
under the restrictive scheme, significantly reduces hallucinations and improves de-
scriptive quality, with Google Gemini Flash-2.5 showing superior performance in de-
tecting complex refactoring scenarios. These findings confirm the potential of this
data-centric methodology to foster technological independence and provide robust,
intelligent assistants that mitigate API obsolescence, ensuring the long-term avail-
ability of quantum algorithms within a rapidly shifting ecosystem and flattening the
learning curve within Quantum Software Engineering (QSE).
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1. Introduction

Driven by hardware innovations, simulation, and optimized techniques in error correc-
tion and fault tolerance (Adermann et al., 2026; Wildon, 2026; Aasen et al., 2025), the rapid
progress of QC is accelerating the evolution of QDKs (Ahmad et al., 2025; Gill et al., 2025).
This expansion has diversified the QC community beyond physics and mathematics to in-
clude fields like computer science, biology, and engineering. However, this interdisciplinary
shift imposes significant challenges on development tools, particularly regarding accessibil-
ity and the learning curve. Moreover, it highlights the need to address legacy issues from
classical software engineering (CSE), such as API obsolescence triggered by disruptive ver-
sion releases.

The convergence of QC and CSE has given rise to an emerging discipline: quantum soft-
ware engineering (QSE) (Khan et al., 2025; Mandal et al., 2025; Murillo et al., 2025), a field
that adapts empirical methodologies to the software lifecycle of hybrid quantum-classical
systems within NISQ-era constraints (Lammers et al., 2025; Lau et al., 2022; Preskill,
2018). Concurrently, AI agents—specifically Large Language Models (LLMs) (Minaee et
al., 2025; Xiao and Zhu, 2025)—have proven effective in managing complex tasks, prompt-
ing a fundamental rethink of workflows and tools within the discipline.

Previous stages demonstrated the constructive feasibility of a taxonomy that consoli-
dates migration scenarios (Suárez et al., 2025b) and established its efficacy in guiding LLMs
for scenario detection and the generation of refactoring suggestions (Suárez et al., 2025a).
The present work integrates: (i) generative artificial intelligence (GenAI 4) elements (Liang
et al., 2024; Sengar et al., 2024; Weisz et al., 2024), through the configurable download and
execution of LLMs; (ii) low-code/no-code (LCNC) tools 5, aiming to automate the experi-
mental workflow and ensure its extensibility; (iii) a retrieval-augmented generation (RAG)
architecture (Gao et al., 2024; Gupta et al., 2024; Mombaerts et al., 2024), to configure
a knowledge base that complements the models’ generic information; and (iv) the trace-
ability of our experimental base, supported by the semi-automatic execution of scenario
detection and suggestion generation tasks, as well as code migration and metrics analytics
previously developed for the Qiskit QDK (Aragonés-Soria and Oriol, 2025; Pathak et al.,
2025; «Qiskit/qiskit», 2025) 6.

API obsolescence and the resulting technical gap are critical challenges in CSE, partic-
ularly in QC due to the accelerated evolution of QDKs, which threatens algorithmic func-
tionality and service availability (Z. Chen et al., 2026; Panter and Eisty, 2026; Liang et al.,
2024; C. Wang et al., 2024; X. Wang et al., 2024). While LLMs streamline development,
they face reliability issues in data-scarce emerging domains like QC (Dobariya and Kumar,
2025; Zheng et al., 2025; J. Chen and Mueller, 2023). This research develops AI assistants
to address QSE challenges related to API obsolescence and quantum algorithm availability,

4 IBM - Generative AI https://www.ibm.com/es-es/think/topics/generative-ai
5 IBM - LCNC https://www.ibm.com/think/topics/low-code
6 IBM - Qiskit https://www.ibm.com/quantum/qiskit
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aiming for agile adaptation and robust migration criteria in volatile ecosystems (Aragonés-
Soria and Oriol, 2024).

Once the components of the solution-oriented approach were defined, the continuity of
our research line was outlined, as illustrated in Figure 1. In the initial stage (Suárez et al.,
2025b), we evaluated the utility of a taxonomy designed to consolidate authoritative infor-
mation on API evolution following disruptive (major) Qiskit releases. This stage employed a
hybrid constructive approach (manual and LLM-automated) to establish comparative base-
lines and verify the potential of LLMs in building comprehensive, high-quality information
sources. In the subsequent stage (Suárez et al., 2025a), metrics were generated to compare
effectiveness in detecting migration scenarios and the precision of adaptation suggestions,
using a battery of synthetic Python 7 code snippets. In the current stage, the effort focuses on
integrating the automated migration scenario taxonomy into a RAG architecture to comple-
ment the models’ general knowledge with contextually relevant, authoritative, and updated
information. Additionally, this approach is channeled through an automated workflow that
streamlines the experimental framework.

This work contributes: (i) a taxonomy-based RAG architecture using semantic databases;
(ii) an automated, collaborative workflow; (iii) an impact analysis of different retrieval
schemes; and (iv) automated code validation to augment expert review. The rest of this
paper is structured as follows: Section 2 reviews related work; Section 3 details the method-
ology; Section 4 presents the results; Section 5 discusses the findings. Section 6 concludes
with the main conclusions and outlines future research directions. It also includes a sec-
tion of appendices for those who wish to explore the technical details mentioned in greater
depth.
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Fig. 1. Key stages of our research line.
Initial Stage -Taxonomy of migration scenarios for Qiskit refactoring using LLMs (Suárez et al., 2025b).

Intermediate Stage - Automatic Qiskit Code Refactoring Using LLMs (Suárez et al., 2025a).

7 Python Documentation - https://docs.python.org/3/
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2. Related work

Regarding the intersection of code refactoring, RAG and LLMs, Bellur et al., 2025 in-
troduced MM-ASIST, an IDE-integrated assistant. However, their study focuses exclusively
on ’Move Method’ refactoring, while our work is not intended to be limited to any specific
technique, but rather to cover migrations related to custom libraries, deprecations, updates,
and changes in control flow. Hostnik and Robnik-Šikonja, 2025 compared RAG strategies
for Python code completion using small local models to prioritize privacy. While this work
also addresses reliability, custom metrics and expert evaluation are utilized, noting that small
models may prove insufficient for QSE complexities. Closser and Kabala, 2025 evaluated
four public LLMs for quantum circuit synthesis, identifying Gemini—utilized in these ex-
periments—as the most efficient. Siavash and Moin, 2025 explored Qiskit code generation
from UML via MDE and RAG. Although they aim to mitigate hallucinations through au-
thoritative repositories, their work does not address refactoring. Finally, Li et al., 2025 in-
vestigated strategies to enhance LLM capabilities and reduce hallucinations. This approach
can be seen as a domain-specific instance of their proposed schemes, though further study
is required to fully evaluate the impact of specialized prompting within QSE.

Considering studies with a higher degree of correlation, Henderson et al., 2025 evalu-
ated LLMs’ ability to write Qiskit code to flatten the learning curve in QC. While general
models may suffice for basic algorithm generation, we argue that migrating existing code
across specific versions requires a RAG-based architecture with domain-specific knowl-
edge. Campbell et al., 2025 compared Chain-of-Thought (CoT) strategies with RAG for
Qiskit-based algorithm generation and error correction. They noted that standard RAG often
fails due to outdated information—a limitation our version-specific taxonomy architecture
specifically addresses. Other approaches include fine-tuning for high-quality Qiskit code
generation Dupuis et al., 2024 and specialized data generation for Pennylane Asif et al.,
2025. In the industry, Microsoft’s Azure Quantum Copilot incorporates RAG but does not
target refactoring or version migration. Similarly, Kheiri et al., 2025 introduced QSpark, a
fine-tuned assistant for generating Qiskit code from scratch. Unlike these model-centric ap-
proaches, our work is data-centric, focusing on taxonomies to refactor existing code, thereby
avoiding the complexity and cost of fine-tuning. Finally, Abufarha et al., 2026 proposed a
hybrid assistant to reduce prompting dependency in refactoring and testing. While these
studies share contact points with our research, they do not specifically address code migra-
tion within the context of API obsolescence in QSE.



3. Methodology

The experimental design centers on constructing a semantic database through a retrieval
technique that provides models with automatically generated, structured information (Mi-
naee et al., 2025; Yuan et al., 2024). This approach offers a pragmatic alternative to relying
solely on the model’s internal knowledge and avoids costly, complex strategies such as
fine-tuning (Gao et al., 2024). By incorporating RAG, we aim to steer retrieval by prior-
itizing reliable data from the underlying taxonomies, thereby reducing hallucinations and
improving refactored code accuracy. To operationalize this, we implemented a highly flex-
ible workflow using n8n 8, based on a GitHub-hosted project 9 developed in Visual Studio
Code 10. This workflow encapsulates the experimental framework, enabling the execution
of both local and remote models, pre- and post-processing stages, integration with external
services, and the automatic uploading of results to the source repository.

Using n8n aims to enhance agility, flexibility, and scalability while reducing techni-
cal overhead (Pattnayak and Bohra, 2025; Heuschkel, 2023). The experimental workflow
includes the following key stages (see Figure 2): (i) Global Configuration, which defines
functional parameters to adapt experimental schemes, including the semantic database, test
models, GitHub repository, Qiskit version, retrieval strategy, and verification stages; (ii)
Data Ingestion, which extracts release notes and associated automated taxonomies from the
source repository into a semantic database; (iii) Data Processing, which handles test snip-
pets and prompts—generated in either free or restrictive mode—and establishes tracking
metadata; (iv) Request Execution, the core loop where each iteration loads a test scenario,
prompts, and queries the target model, while the RAG mechanism manages access to both
local data and pre-acquired knowledge; (v) Automated Validation; and (vi) Results Storage,
which automatically uploads experimental results.
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Fig. 2. Workflow stages in n8n

8 n8n tool - https://docs.n8n.io/
9 GitHub - https://docs.github.com/en

10 Visual Studio Code IDE - https://code.visualstudio.com/docs
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The models used were Open AI Gpt-oss-20b (OpenAI, 2026; OpenAI et al., 2024)
and Google Gemini Flash-2.5 (Comanici et al., 2025; Team et al., 2024), keeping default
configurations. The official information sources were Qiskit Release Notes 11, as the basis
for generating the automatic taxonomy of migration scenarios.

To ensure the study’s self-containment, the fundamental structural aspects of the taxon-
omy are detailed herein, although its full development process and comprehensive format
can be found in our previous work (Suárez et al., 2025b). As illustrated in Figure 6 (Ap-
pendix A), the main fields of the taxonomy encompass the technical category, version mi-
gration flow, summary, associated artifacts, source and target application code fragments,
estimated difficulty level, Quantum Software Engineering (QSE) alignment, and relevant
literature references.

Regarding the evaluation process, a one-shot prompt engineering strategy executed in
English was implemented. This approach utilizes two alternating system prompts within
the execution loop—each tailored to a specific testing strategy—alongside a single user
prompt that supplies the corresponding test snippet (see Figures 8 and 7 in Appendix B).
While the user prompt remains constant, the system prompts formally define the model’s
role, the experimental objectives, the version constraints, knowledge base guidelines, and a
strict tabular response format (Markdown 12) detailing the behavioral rules for each column.

In the post-analysis stage, the detected scenarios were quantified and the accuracy of
recommendations was classified using our metric, allowing for comparative contrast in the
line of research. We decided to work with two retrieval schemes: (i) a free scheme, where
the requests made to the model are limited to experimental functional requirements with-
out biasing the model on the retrieval of information; and (ii) a restrictive scheme, where,
in addition to functional requirements, the model is directed towards the retrieval of infor-
mation from the Qdrant semantic database 13. Within the context of RAG, the role of the
vector database extends beyond efficient data management; it serves as the core component
for external knowledge retrieval through similarity search in a latent space. This bridges the
semantic gap between the model queries and the document corpus, preserving the relevant
context for the subsequent generation phase. Each of the 25 Python test code snippets was
carefully designed to test a specific feature or functionality (imports, deprecations, depre-
cated classes, workflow and API updates); they range from 10 to 30 lines in length and
typically define sequential logic without functional nesting or class definitions; since the
main objective is to evaluate how the models respond to that specific, limited, and manage-
able change.

11 Qiskit Release Notes - https://quantum.cloud.ibm.com/docs/en/api/qiskit/release-notes
12 Markdown - https://www.markdownguide.org/
13 Qdrant Database - https://qdrant.tech/documentation/

https://quantum.cloud.ibm.com/docs/en/api/qiskit/release-notes
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4. Results

Following the proposed experimental pipeline and methodology, results are summarized
in Tables 1 and 2. Evaluation employed the stoplight metrics established by Suárez et al.,
2025a. Two experts and a software engineer who regularly works with Qiskit participated
in the process of analyzing and evaluating the results. They worked independently, without
knowing the results of others’ evaluations, which model was being evaluated or the scheme
used. The test models, Google Gemini Flash-2.5 and OpenAI Gpt-oss-20b, were evaluated
according to the workflow described previously. The distribution of scenarios returned by
each model was analyzed based on the imposed retrieval schemes. Detailed scenario distri-
butions according to the traffic-light metrics are presented in Table 2; for more details, see
Appendix D.

Table 1. Summary of results for test models and information retrieval modes

Case Description Gemini Flash-2.5 Gpt-oss-20b
Free Restrictive Free Restrictive

X Incorrect scenario and inadequate suggestion 16 15 13 13
X+ Incorrect scenario or inadequate suggestion 4 5 4 3
OK- Suggestion needs adaptation 5 9 11 14
OK Correct scenario and suggestion 80 81 31 37

P perfect Expected scenarios detected 16 16 9 10
P global Detected vs. expected scenarios 85 [89] 90 [89] 42 [89] 51 [89]

(ratio) (0.95) (1.01) (0.47) (0.57)
Total detected scenarios 105 110 59 67
a P perfect: Scenarios in which the model’s predictions matched those expected.
b P global: Total number of detected cases vs. total number of expected cases.

Table 2. Distribution of scenarios according to stoplight metrics

Free Restrictive
Source Gemini Flash-2.5 Gpt-oss-20b Gemini Flash-2.5 Gpt-oss-20b
Taxonomy (Tax) 83 15 100 50

8 4 5 66 1 2 3 9 13 5 8 74 6 3 11 30

Internal (IK) 22 41 10 3
8 0 0 14 12 2 8 19 2 0 1 7 1 0 1 1

Balance Tax/IK 83/22 (79/21%) 15/41 (27/73%) 100/10 (91/9%) 50/3 (94/6%)
Total 105 56 110 53

16 4 5 80 13 4 11 28 15 5 7 83 7 3 12 31

• X: Incorrect • X+: Inadequate • OK-: Req. adjustments • OK: Correct
Note: The colored subtotals (4) correspond to the stoplight metrics for that case (source, retrieval scheme and target model).



5. Discussion

Regarding the balance of scenario sources and their distribution in relation to the con-
figured retrieval scheme, see Table 2, allows us to verify the impact of these strategies on
the proposed architecture. For Google Gemini Flash-2.5, a 79/21 ratio is shown in free
mode, while in restricted mode the imbalance deepened to 91/9. For OpenAI Gpt-oss-20b,
it shifted from 27/73 in free mode to 94/6, also implying a reversal in trend; see Figure 3

Observations show that Google Gemini Flash-2.5 relies more on authoritative informa-
tion than OpenAI Gpt-oss-20b, a difference that impacts scenario detection accuracy. Since
this margin remains relatively constant regardless of the retrieval strategy, the variation ap-
pears to be driven by inherent model characteristics, including parameterization and context
window size, rather than the retrieval scheme itself.

Fig. 3. Retrieval strategies balance

The core idea is that the proportion of incorrect refactorings by OpenAI Gpt-oss-20b was
moderately reduced from 17 to 16 (6.25%) when the retrieval balance was reversed, while
the proportion of correct scenarios increased from 42 to 51 (21.43%). Similarly, we interpret
that Google Gemini Flash-2.5 has higher performance in terms of detected scenarios (107
on average vs. 81 in previous stages, a 32.1% increase on average, reaching 35.8% in our
best case under restrictive mode) may be due to the fact that this model, in free mode,
resorts more frequently to the taxonomy, allowing it to find more cases, detail them more
thoroughly, and provide greater precision in its suggestions.

Based on the results summarized in Table 1, we have verified that Google Gemini Flash-
2.5 showed higher performance both in detecting refactoring scenarios and in the quality,
precision, and descriptive detail of suggestions, compared to OpenAI gpt-oss-20b, partic-
ularly in the number of appropriate scenarios that were directly applicable. On the other



hand, no significant changes were reported between the data retrieval strategies, although a
slight tendency toward superiority of the restrictive mode is evident.

Fig. 4. Evolution of metrics across experimental stages

Regarding experimental correctness and the proportion of invocation failures, we can
note that Google Gemini Flash-2.5 obtained an average of 4 scenarios with empty, invalid,
or no refactored code responses per test run (15%), while OpenAI Gpt-oss-20b averaged 16
(61%). This suggests that OpenAI Gpt-oss-20b proved to be, for our experiment, a more
volatile model with greater response variability. Although the free retrieval mode occasion-
ally generates more detailed and descriptive responses, its consistency is low. In contrast, it
was observed that OpenAI Gpt-oss-20b frequently presented information gaps, especially
in refactoring suggestions, which in several runs remained empty, resulting in incorrect mi-
grated code.

Along the same lines, if we analyze the progression of the different stoplight metrics
with respect to previous stages, comparing them against the average of our current results:

Incorrectly detected scenarios (X, red - see first box from the left in Figure ??): 47
(without taxonomy) and 27 (with taxonomy), reduced to 14.25 on average.
Incorrectly detected scenarios or with inadequate suggestions (X+, orange - see second
box from the left in Figure 5): 14 (without taxonomy) and 13 (with taxonomy), reduced
to 4 on average.



Scenarios with suggestions requiring minor improvements (OK-, yellow - see third box
from the left in Figure 5): 10 (without taxonomy) and 17 (with taxonomy), with an
overall average of 9.75.
Correctly detected scenarios with appropriate suggestions (OK, green - see fourth box
from the left in Figure 5.): 13 (without taxonomy) and 40 (with taxonomy), increased
to 57.25 on average.

In summary, the results demonstrate a substantial improvement in model precision through
the proposed architecture. Notably, critical errors (X scenarios) were drastically reduced
from 47 to an average of 14.25, representing a remarkable decrease in incorrect detections.
Concurrently, the system’s ability to generate fully satisfactory responses (OK scenarios)
saw a remarkable increase, rising from 13 to an average of 57.25 successful cases, where
the Gemini model excels in identifying complex refactoring patterns.

Fig. 5. Evolution of cases according to traffic-light metrics.
Note 1: Consider that not all boxes are to the same scale.

Note 2: For more details on these traffic-light metrics, see Appendix D.

In conclusion, there is evidence of improvement that not only validates the use of our
taxonomy but also our architecture, especially considering the increase in appropriately
detected refactoring scenarios. This stepwise improvement was more pronounced for the
Google Gemini Flash-2.5 model, although the trend holds for both. See Figure 4.



6. Conclusion and future fork

This work contributes an automated taxonomy integrated into a RAG architecture to
optimize semantic database retrieval, alongside an experimental validation demonstrating
enhanced detection and accuracy in refactoring suggestions with a direct impact on code
quality. Additionally, it introduces an automated, extensible, and modular pipeline that en-
sures the interoperability and replicability of the experimental environment. The results
confirm that AI-based tools can effectively raise the abstraction level in QSE. By providing
LLMs with automatically generated, structured domain knowledge integrated into a seman-
tic base, accuracy and quality in mitigating API obsolescence are significantly improved.
Consequently, development teams can overcome technical barriers and adopt best practices
while decoupling themselves from specific QDK architectural decisions. This approach fos-
ters technological independence and promotes interdisciplinarity within the field.

Among the lines of research and possible future developments, several directions are
contemplated:

Expansion of the knowledge base, this involves extending the knowledge base by
incorporating additional sources — such as Qiskit changelogs and official migration
guides.
Experimental representativeness and code granularity, the incorporation of auto-
mated pipelines would enable migration from a test base of synthetic Python codes,
generated in a controlled manner, toward the integration of projects extracted from pub-
lic repositories. From the perspective of an integrated tool, managing realistic projects
instead of isolated snippets is unavoidable. The difficulty of integrating well-structured
public repositories, combined with the scarcity of realistic data, introduces a generative
simplification bias in this initial testing phase. These tests were designed to control spe-
cific and constrained migration scenarios, thereby limiting the analysis to small code
fragments with low cyclomatic complexity, see Appendix C.
Automated evaluation, advancing the development of pre- and post-execution stages
by incorporating syntactic and semantic validations, automated tests, graph generation,
and reporting, for experimental scalability and reliability.
Quality metrics, defining quality metrics that allow for precise comparisons regarding
code migration.
Model granularity, this involves evaluating the performance of models specifically
trained for one ecosystem or specialized in code generation tasks.

Considering the interrelation with quantum software engineering (QSE), both the tax-
onomy and the proposed architecture can be extended to incorporate specific, targeted infor-
mation sources. The goal is to build a tool that covers functionalities beyond code migration.
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Appendices

A. Taxonomy

The analysis of Qiskit Release Notes initially mapped change categories, version work-
flows, migration complexity, and their relevance to QSE. This taxonomy was subsequently
automated and refined via LLMs, significantly improving its consistency and data quality
to serve as a structured knowledge source for guiding models. This appendix provides a
snapshot of the initial manual analysis process for Qiskit release notes and a comparison
with the automatically generated taxonomy.

Fig. 6. Initial Analysis of Release Notes and Generated Taxonomy Cuts
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B. Prompts

This appendix presents the screenshots of the Markdown files containing the system
and user prompts provided to the test models. While the user prompt remains constant, the
system prompt varies depending on the execution mode: the free configuration is highlighted
in the yellow box, whereas the restricted mode is indicated by the blue box.

Fig. 7. Screenshot of the user prompt

Fig. 8. Screenshot of the system prompt



C. Python Snippets

To address the lack of granular public data for quantum software analysis, a custom
benchmark suite of synthetic Python fragments was built across ten Qiskit migration sce-
narios (e.g., critical deprecations and version update artifacts). Each scenario establishes a
deterministic ground truth to evaluate LLM refactoring performance. Finally, a line-by-line
traffic-light metric system formally quantifies accuracy and safety thresholds, as exempli-
fied in Figure 9 with a sample snippet analysis using Gemini 2.5-Flash.

Fig. 9. Screenshot of a Python snippet and associated analytical data

D. Traffic-light Metrics

The evaluation metrics were defined by identifying each potential refactoring scenario
and assessing the applicability of the resulting suggestions. Based on these criteria, recom-
mendations are categorized using a traffic-light quality scale, which reflects the degree of
modification required for full implementation. This appendix provides a description of the
metrics developed in our previous work (see Intermediate Stage in Figure 1).

Assets

Value Color Description

X Red
The suggested scenario is incorrect or inappropriate.
The detected scenario does not apply, or the suggested refactoring is incorrect.

X+ Orange
The scenario is incorrect or the refactoring is inadequate.
Detection of erroneous scenario or artifact or refactoring not applicable.

OK- Yellow
Correct scenario detection, but the suggested refactoring needs adjustments.
Applying the suggested refactoring directly does not solve the migration problem.

OK Green
Correct scenario detection and appropriate and functional suggested refactoring.
It is relatively straightforward to apply the suggested refactoring and solve the migration problem.

Fig. 10. Traffic-light metrics and descriptions
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