Engineering, Technology & Applied Science Research

Vol. 16, No. 3, 2026, 35287-35294 35287

From Rule-Based NLP to Prompt-Guided
Multi-LLM Pipelines for Text-to-UML and

Code Generation

Zakaria Babaalla

GLISI Team, Faculty of Sciences and Techniques of Errachidia, Moulay Ismail University, Morocco
za.babaalla@edu.umi.ac.ma (corresponding author)

Hamza Abdelmalek

GLISI Team, Faculty of Sciences and Techniques of Errachidia, Moulay Ismail University, Morocco

h.abdelmalek @edu.umi.ac.ma

Abdeslam Jakimi

GLISI Team, Faculty of Sciences and Techniques of Errachidia, Moulay Ismail University, Morocco

ajakimi@yahoo.fr

Rachid Saadane

Electrical Engineering Department, Hassania School of Public Works, Casablanca, Morocco

saadane @ehtp.ac.ma

Received: 8 February 2026 | Revised: 18 March 2026 and 27 March 2026 | Accepted: 6 April 2026

Licensed under a CC-BY 4.0 license | Copyright (c) by the authors | DOI: https://doi.org/10.48084/etasr.18049

ABSTRACT

Automatic transformation of textual specifications into formal software models is a key challenge in model-
driven engineering. Despite progress, existing approaches remain fragmented and rarely integrate into a
coherent methodological framework. This article offers a progressive and analytical review of UML and
text-based code generation methods, structured around three successive contributions reflecting the
natural evolution of the field: a first approach based on linguistic analysis and rules, a second based on
language models trained on an annotated corpus, and a third relying on prompt-guided LLMs within a
multi-model MDA pipeline stabilized by an intermediate Domain-Specific Language (DSL). A comparative
study underscores the respective advantages and shortcomings of the considered paradigms and
demonstrates that DSL-guided multi-LLLM orchestration markedly enhances structural consistency,

multilingual robustness, and the quality of generated code.
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I. INTRODUCTION

Transforming textual specifications into formal software
models (and ultimately into executable code) remains a major
challenge in software engineering [1]. In most development
processes, system requirements are expressed in natural
language, often in heterogeneous and ambiguous forms that
complicate their direct use during the design and
implementation phases [2]. Therefore, analysts and developers
must manually interpret these descriptions to construct
structured models, a process that is both time-consuming and
prone to inconsistencies. Automating the transformation of
textual requirements into Unified Modeling Language (UML)
diagrams and subsequently into executable code can
significantly improve the traceability between requirements and

implementation, reduce interpretation errors, and enhance
development efficiency [3].

A promising framework for such automation was provided
by the Model-Driven Architecture (MDA) paradigm [4], which
structures software development across multiple abstraction
levels, including the Computation Independent Model (CIM),
Platform Independent Model (PIM), and Platform Specific
Model (PSM). In this perspective, textual requirements can be
considered CIM-level descriptions, whereas UML models
correspond to PIM-level representations formalizing system
structure and behavior. Consequently, transforming textual
specifications into UML diagrams represents an automated
CIM-to-PIM transition that can support further refinements and
code generation. MDA-based approaches have proven to be
effective in domains such as software modernization and
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reverse engineering, where model transformations help manage
system complexity and maintain traceability across
development stages [5, 6].

Among UML representations, class diagrams play a central
role in model-driven development because they describe the
static structure of systems using classes, attributes, operations,
and relationships [7]. When sufficiently precise, these diagrams
can be translated into programming constructs using
transformation rules that map UML elements to programming
language structures [8]. Other UML diagrams, such as use
case, sequence, and activity diagrams, can also contribute to
code generation by describing the behavioral aspects of the
system [7]. However, inaccuracies in extracting UML elements
from textual specifications may propagate through the
development pipeline and affect the generated code,
highlighting the need for reliable transformation mechanisms.

Numerous studies have attempted to automate the
generation of UML diagrams from textual requirements using
Natural Language Processing (NLP) techniques. In [9], NLP
and heuristic rules were combined to automatically extract
classes, attributes, and relationships from textual specifications
to generate UML class diagrams. In [10], NLP techniques were
applied to support object-oriented design from requirement
documents, while in [11], a similar framework was presented
for identifying classes, attributes, and relationships. In [12],
NLP analysis and classification rules were combined to
transform textual requirements into UML class diagrams,
whereas in [13], an intelligent framework integrated NLP and
the K-Nearest Neighbors (KNN) algorithm to generate both use
case and class diagrams by identifying actors, entities, and
relationships.

Beyond rule-based NLP approaches, several studies have
explored machine learning and deep learning techniques to
improve the automation of UML diagram generation. In [14], a
machine learning-based method was proposed to generate use
case diagrams by identifying actors and use cases in textual
descriptions. In [15], machine learning was applied to class
diagram generation by extracting entities, attributes, and
relationships with improved accuracy compared to rule-based
methods. In [16], deep learning techniques were used to
automatically identify structural elements in textual
specifications, reducing reliance on manually crafted linguistic
rules. In [17], an interactive approach combined artificial
intelligence and machine learning to generate a traceable UML
model, allowing user intervention to improve model quality.

Recently, Large Language Models (LLMs) have attracted
attention for their ability to interpret complex natural language
descriptions and generate structured outputs, such as UML
models or source code. In [18], it was shown that few-shot
prompt learning can guide software model completion tasks. In
[19], it was shown that LLMs generate methods to complete
UML class diagrams, although human supervision is still
required to correct certain inconsistencies. In [20], the use of
GPT-4 [21] was investigated to reverse engineer class diagrams
from source code, successfully extracting attributes, operations,
and types while highlighting the limitations of higher-level
abstractions. In [22], parameter-efficient fine-tuning techniques
were explored to adapt LLMs for code generation tasks.

Despite recent advances, challenges remain regarding the
structural reliability and formal consistency of automatically
generated models [23]. Generative approaches may produce
outputs that violate modeling constraints or introduce structural
inconsistencies. To mitigate these issues, recent research has
explored hybrid solutions that combine LLMs with structured
intermediate representations. Domain-Specific Languages
(DSLs) serve as an intermediate layer between textual
specifications and UML models, helping to normalize extracted
elements, reduce ambiguity, and support validation before
model or code generation [24, 25].

In this context, this work presents a progressive study of
text-to-UML-to-code  transformation  approaches.  Three
complementary methodologies are analyzed: a rule-based
linguistic approach, a supervised LLM-based approach trained
on annotated corpora, and a third approach—introduced in this
paper—based on a prompt-guided multi-LLM pipeline
integrated into an MDA workflow and stabilized through an
intermediate DSL. By comparing these approaches within a
unified evaluation framework, this study highlights their
strengths, limitations, and contributions to building reliable
automated pipelines for transforming textual specifications into
UML models and executable code.

II. METHODOLOGY AND PROGRESSIVE
CONTRIBUTIONS

This section traces the progressive evolution of the
automatic transformation of specification texts into UML
models and then into code. Three contributions are presented: a
rule-based linguistic approach, an approach based on an LLM
trained on annotated corpora, and a multi-LLM MDA pipeline
guided by prompts, each aiming to overcome the limitations of
the previous approach.

A. UML Extraction Using a Rule-Based Linguistic Approach

In the first contribution, the study in [26] focused on
automating the extraction of UML models from natural
language specifications to reduce manual effort during the early
analysis and design phases. Unlike approaches that require
controlled or reformulated inputs, the proposed method accepts
relatively free text descriptions and applies a progressive
linguistic analysis to identify structured modeling elements.

1) General Principle and Architecture of the Approach

This approach relies on a two-module architecture (Figure
1) that combines an NLP module and a rule-based knowledge
extraction module. The input text was first processed through
standard NLP steps, including sentence segmentation,
tokenization, part-of-speech tagging, and lemmatization to
yield a normalized linguistic representation. Based on this
analysis, heuristic rules derived from common syntactic
patterns and object-oriented modeling principles were applied
to detect UML elements, including classes, attributes, methods,
relationships, actors, and use cases.

2) Generated Outputs

The system automatically produces UML class and use case
diagrams. Classes are mainly inferred from candidate nouns,
attributes from nominal structures or possession patterns, and
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methods from action verbs associated with the classes.
Relationships are estimated using simple syntactic patterns, and
normalization rules are applied to reduce redundancy and
ensure naming consistency. The resulting models can be
visualized graphically or exported in a structured format to
facilitate toolchain integration.
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Fig. 1. Rule-based NLP pipeline for UML extraction.

3) Experimental Results and Limitations

Experiments conducted on a set of textual specifications
show high extraction performance for classes, attributes, and
methods, with Fl-scores generally ranging between 80% to
100%. The extraction of relationships and use case links
remains challenging because of their implicit and contextual
expressions in natural language. Moreover, this approach is
sensitive to linguistic variability and complex sentence
structures, and its rule-based nature limits generalization across
languages and domains.

These limitations motivate the transition toward learning-
based solutions, which are addressed in the next section
through supervised LLMs trained on annotated corpora.

B. Supervised LLM Trained on Annotated Corpus

The second contribution [25] addressed the limitations of
purely heuristic approaches by framing the text-to-UML
transformation as a supervised learning problem. More
precisely, UML extraction is modeled as a Named Entity
Recognition (NER) [27] task, where each token is assigned a
label corresponding to a UML entity (class, attribute, or
method) or a relationship type (association, composition,
aggregation, inheritance). This formulation enables the use of
transformer-based models [27] to capture contextual and
semantic information, even when UML concepts are implicitly
expressed.

1) Principle and Supervised Learning

The proposed architecture follows a three-stage pipeline
(Figure 2). First, several pretrained language models (BERT,
RoBERTa, SpanBERT, XLNet, MiniLM, and Electra) were
fine-tuned on an annotated corpus to learn UML concept
recognition [28-33]. Second, an extraction module applies the
trained model to new textual requirements to identify the UML

elements. Finally, the extracted entities are structured into an
intermediate DSL through a visualization interface, allowing
validation and correction before generating the final UML class
diagram. This diagram can then be automatically transformed
into Python code, ensuring continuity between the modeling
and implementation within the MDA workflow. To support
supervised learning, a dedicated corpus of 132 specifications
from heterogeneous sources was manually annotated using an
enhanced IOB schema [34]. The dataset comprised 915
sentences and 11,460 annotated tokens covering diverse
domains, writing styles, and syntactic structures. All models
were trained and evaluated under the same conditions.
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Fig. 2. Supervised UML extraction and UML/Code generation via
intermediate DSL.

2) Results and Gains Over Rule-Based Methods

The experimental results show a significant improvement in
robustness compared to the rule-based approach. Class
extraction achieved very high performance (F1 = 0.98 for
BERT, RoBERTa, and XL Net), whereas method and attribute
detection also benefited from contextual learning, despite
remaining more challenging. UML relationship extraction, the
most complex task, was notably improved with XL.Net, which
better captured long-range dependencies (F1 score = 0.92). In
addition to these extraction gains, this study introduced
automatic UML-to-Python code generation, extending the
scope beyond modeling and reinforcing MDA integration.

3) Limitations

The main limitation of this approach is its dependence on
high-quality annotated data, which are costly to produce and
domain-dependent. Moreover, although an intermediate DSL
was already used for structuring and validation, additional
refinement was required to ensure completeness, consistency,
and scalability, particularly for long, ambiguous, and
multilingual specifications. These limitations motivate the next
contribution, which explores a prompt-guided multi-LLM
pipeline with enhanced DSL-based controls.
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C. Prompt-Driven Multi-LLM MDA Pipeline

This third contribution introduces a methodological shift by
proposing a fully controlled MDA pipeline driven by prompt
engineering [35] and multi-LLM orchestration. Unlike previous
approaches—rule-based extraction [26] and supervised
learning on annotated corpora [25]—this strategy avoids
handcrafted rules and costly annotation efforts while ensuring a
structured and industrializable transformation chain from text
to software artifacts.

1) MDA-Oriented Architecture

The proposed pipeline follows a progressive transformation
chain aligned with the MDA principles (Figure 3). Starting
from a textual specification at the CIM level, an LLM is used
to extract the conceptual elements. Instead of directly
generating UML diagrams, the system first produces a textual
UML DSL that acts as a pivot representation at the PIM level.
This intermediate DSL is then validated through syntactic and
structural checks to ensure model consistency before being
transformed into a UML class diagram and subsequently into
source code (PSM-to-Code).

1) # (4)

Input textual requirements User validation / manual editing

User
Prompt sent to generative Generated DSL (UML
— Q model (Few-shot o entmesnelauonsL

Conceptual level
(CIM — PIM)

Requirements [\ %N PIM-to-PSM
LLH ) transformation

g§~ ~ Coud A

ARELACL

Es 2 python PSM-to-code o PSM-to-code

S \ ~/ transformation prompt )

Gl Source code UML class diagram
Fig. 3. Prompt-guided multi-LLM MDA pipeline for UML and code
generation

2) Prompt Engineering and Generation Control

A key contribution is the use of structured and constrained
prompts to limit the variability and hallucinations typically
associated with generative models. The extraction prompt
(Figure 4) enforces a strict output format, standardized
identifiers, and explicit constraints to prevent the introduction
of elements not grounded in the input text. A separate prompt
(Figure 5) is dedicated to code generation, focusing on
producing consistent and compilable code aligned with the
validated UML structure.

3) Multi-LLM Orchestration

Rather than relying on a single model, the pipeline adopts a
multi-LLM strategy and selects models according to task
requirements. Models optimized for global comprehension
(e.g., LLaMA-3-8B, Mistral-7B) are preferred for complex or
ambiguous specifications, whereas reasoning-oriented and
code-specialized models (e.g., Deepseek-Coder, CodeLLaMA)
are used for consistency-critical phases and final code
generation. This adaptive orchestration improves robustness
while maintaining architectural flexibility [36-39].

4) Contributions and Limitations

This contribution presents a comprehensive text-to-UML-
to-code pipeline that embeds LLMs within a formally
controlled MDA framework. The combination of DSL-based
validation and prompt-guided generation significantly
improves the structural consistency and reduced output
variability. Additionally, the pipeline supports multi-language
code generation (e.g., Python, Java, and C#), thereby enhancing
its applicability in heterogeneous industrial contexts.

However, some limitations persist, particularly regarding
business-level ambiguities and prompt sensitivity, which may
still affect the modeling decisions. These aspects motivate the
comparative evaluation presented in the next section.

frmm

You are an expert in UML modeling and Model-Driven Engineering (MDA).
Generate a structured textual UML DSL from the following description.

Produce a complete and strictly formatted UML DSL including:
-All classes
- Attributes (names only, comma-separated)
- Methods (names only, no parameters)
All UML relations

Class ClassName:
Attributes: attrl, attr2, ..
Methods: methl (), meth2(), ..
Relation: SourceClass relation_type TargetClass

Allowed relation types: association, aggregation, composition, dependency
realization, implements, operation, use, inheritance, association_class, ..

Class Library:
Attributes: libraryld
Methods: getLibraries()
Class Book:
Attributes: title, author, publicationYear, ISBN
Methods: getBookDetails()
Class Reader:
Attributes: name, address, cardNumber
Methods: borrowBook()
Relation: Library composition Book
Relation: Reader association Book

- 3 lines per class; keep empty lines if needed.
- One relation per line; reflexive allowed (Source = Target).
38 in a relation must be defined; create minimal ones.
: PascalCase; attributes/methods: camelCase.
No comments, no cardinalities, no narrative text, no extra punctuation.

Only the final DSL.

Fig. 4. Prompt for extracting UML class diagram entities from textual
specifications.

fnnm
You are an expert in software engineering and object-oriented programming.
Your task is to generate the corresponding {language} code from the UML model
below.

Produce **directly executable code** based strictly on the UML model:
Classes

Attributes

Methods

Relationships

Output **only the code**, with no explanations or comments outside the code.
- Follow the syntax and OOP conventions of the chosen language: {language}.
- If a method appears in a class without an implementation in the UML mode

> You must implement it.

Clean, valid, executable {language) code derived from the UML model.

Fig. 5. Prompt for generating source code from the UML class diagram.
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III. EXPERIMENTAL EVALUATION AND
COMPARATIVE ANALYSIS

This section presents a comparative evaluation of the three
proposed approaches: (i) rule-based UML extraction,
(ii) supervised LLMs trained on annotated corpora, and (iii) a
prompt-driven multi-LLM MDA pipeline. Their trade-offs are
analyzed in terms of precision, robustness, structural
consistency, and code generation, while positioning them with
respect to existing approaches. Experiments were conducted on
a diverse set of textual specifications, including short and long
structured and narrative descriptions across several domains
(e.g., management systems, e-commerce, and libraries). Each
specification was associated with a manually designed UML
reference model that operated as the gold standard. All
approaches were evaluated on the same dataset, focusing on
two stages: UML generation (CIM/PIM to PSM) and code
generation (PSM to Code).

A. Evaluation Metrics

1) UML Extraction Quality

UML extraction performance is evaluated based on classes,
attributes, methods, and relationships (association, inheritance,
composition, and aggregation). For each type of entity,
Precision, Recall, and Fl-score are calculated. This fine-
grained evaluation was necessary because strong performance
on classes alone does not guarantee a complete or exploitable
UML model.

2) Code Generation Quality

The code generation is
complementary indicators:

evaluated using three

e Compilation / Execution: Code that can be compiled
without major errors.

e UML-to-code conformity: structural
(classes, attributes, method signatures,
relations).

correspondence
and translated

e Logical consistency: respect for inter-class dependencies
and consistency of types and calls.

This analysis goes beyond the mere presence of classes and
aims to verify the pipeline's ability to produce a truly usable
final artifact.

B. Quantitative Results

Table I summarizes the results, reporting the performance
of the three approaches in terms of UML extraction accuracy
and code-generation capabilities. Overall, the performance
varied across the three paradigms, each offering specific
advantages.

e The rule-based approach (Contribution 1) works well for
short, structured texts, achieving good precision for classes
and attributes but struggles with implicit information,
complex relationships, and method extraction.

e The supervised LLM (Contribution 2) improves overall
extraction, especially for relations and methods, benefiting
from semantic pattern learning and the intermediate DSL
for validation; however, it remains dependent on the
domain of the annotated corpus, with errors reappearing in
out-of-distribution texts.

e The prompt-driven multi-LLM pipeline (Contribution 3)
achieves the highest structural consistency with refined
DSL controls, constrained prompts, and multi-model
orchestration, offering improved multilingual stability and
fewer internal inconsistencies.

Regarding code generation (Contributions 2 and 3), the
supervised LLM produces richer but occasionally unstable
code, whereas the multi-LLM pipeline achieves the highest rate
of compilable code and the best alignment with UML models,
supporting Python, Java, and C#.

TABLE L. QUANTITATIVE COMPARISON OF THE THREE CONTRIBUTIONS
e . Approaches (Contributions)
Criteria Measure Conti 261 | Cont2125] | Cont3 (CarrenD
Precision 0.84 0.89 0.92
Classes Recall 0.71 0.83 0.88
Fl-score 0.77 0.86 0.90
Precision 0.79 0.86 0.90
Attributes Recall 0.65 0.80 0.86
UML Fl-score 0.71 0.83 0.88
extraction Precision 0.62 0.81 0.86
Methods Recall 0.45 0.72 0.82
Fl-score 0.52 0.76 0.84
Precision 0.68 0.83 0.88
Relations Recall 0.50 0.74 0.83
F1-score 0.58 0.78 0.85
Generated source code Python Python + Java + C#

. Compilability / Executability 0.78 0.88
Code generation UML-to-code conformity 0.80 0.90
Logical consistency 0.74 0.86
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C. Comparative Discussion with Existing Approaches

To set the proposed approaches within the state of the art,
they were compared with representative works on UML
generation from natural language requirements. The approach
proposed in [40] reports approximately 93% precision and 83%
recall, whereas the study [41] reports 90% precision and 90%
recall. Similarly, in [42], 92% precision and 100% recall were
achieved, whereas machine-learning approaches such as [43]
obtained 64% precision and 70% recall, and in [17], 94.33%
precision and 84% recall were reported.

Despite these results (Figure 6), most existing approaches
focus only on UML extraction, with limited support for
automatic code generation. Only a few studies, such as [11, 44,
45], generate code (respectively in Java, Java, and C#), usually
for a single language and without evaluating compilation
success or UML-code consistency. In contrast, the approaches
proposed in this study extend the process toward end-to-end
model-driven development, including the generation of
compilable source code. In particular, the prompt-driven multi-
LLM pipeline (Contribution 3) provided the most consistent
results in terms of UML structural accuracy and reliability of
the generated implementations.

10 0%
0se 9% 08 087
08 o8
124 068
06
§ 2019
- 2016
€os 2012 0 2022 Po2s 2026
2022 2024
02
00
(40] (41] (42] (43] (17] (26] (2] Thisstudy
Fig. 6. Comparison of Fl-scores for UML extraction across approaches

and contributions

IV. DISCUSSION

The results show that transforming natural language
requirements into UML models and executable code requires
entity extraction, semantic interpretation, and structural
consistency. These three approaches address these aspects
differently. Rule-based methods remain effective for short and
structured requirements but are less robust when dealing with
linguistic variability and implicit information. Supervised
LLMs improve the balance between precision and recall by
learning semantic patterns, although their performance depends
on the quality and coverage of the training corpus.

However, some limitations remain, particularly the
ambiguity of natural language requirements and the
computational cost associated with orchestrating multiple
models. Nevertheless, by combining LLMs with structured
prompts, DSL representations, and model-driven principles, it
significantly improves the reliability of automated text-to-
UML-to-code transformation pipelines.

V. CONCLUSION

This study presented a progressive review of automatic
text-to-UML-to-code transformation, structured around three
complementary contributions. The first contribution relies on
UML extraction using linguistic rules, which performs well for
simple texts but is limited in handling implicit meanings. The
second contribution introduces a supervised LLM trained on
annotated corpora, improving extraction robustness, and
integrates an intermediate DSL to structure and validate the
model. The third contribution is a multi-LLM MDA pipeline
guided by prompts, where the DSL is refined to stabilize
generation and improve UML-to-code consistency, particularly
in multilingual contexts.

The main scientific contribution lies in demonstrating that a
reliable chain depends not only on the model used but also on
the combination of integration of LLLMs, formal control via
DSLs, and multi-model orchestration adapted to the complexity
of the texts. Compared to existing studies, this approach
addresses recurring limitations (rule fragility, dependence on
annotated data, and instability of generative outputs) by
proposing a more robust MDA -oriented integration.

In the short term, the prospects concern the extension of the
pipeline to other UML diagrams (sequence, activity), the
strengthening of semantic validation (business constraints,
cardinalities, and inter-model consistency), as well as the
implementation of standardized multilingual benchmarks
allowing a more reproducible and comparable evaluation in
real conditions.
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