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Abstract

UML class diagram modeling is a fundamental task in software engineering, yet the appli-
cation of large language models (LLMs) to this domain remains underexplored. Existing
studies predominantly focus on single closed-source models with simple prompting strate-
gies, lacking systematic comparisons across model types, prompt engineering techniques,
and iterative refinement approaches. In this paper, we construct a difficulty-stratified
dataset of 30 UML class diagram exercises and propose an automated weighted evaluation
metric over generated PlantUML code—both of which are rarely constructed and systemat-
ically applied in existing LLM-driven UML modeling research. We present a preliminary
empirical evaluation comparing open-source and closed-source LLMs across multiple
scales and types, diverse prompting strategies, and varying requirement complexity levels.
Beyond the single-round static paradigm of prior work, we further introduce and evaluate
iterative prompting schemes that continuously improve model outputs through structured
feedback. Our findings reveal that chain-of-thought prompting has different effects on
improving the quality of different models, that relationship modeling is the persistent
bottleneck under increasing complexity, and attribute extraction remains a largely unsolved
technical challenge across all tested LLMs. Further, automated feedback-driven iterative
refinement yields varied improvements: it brings notable performance gains for reasoning-
oriented thinking models while delivering only marginal promotion for high-performance
general chat models. These results provide actionable guidance for practitioners and
researchers applying LLMs to UML modeling tasks.

Keywords: large language models; UML class diagram; prompt engineering; iterative
refinement

1. Introduction
The Unified Modeling Language (UML) serves as the de facto standard for visualiz-

ing and documenting software system designs [1,2]. As a cornerstone of model-driven
engineering, UML encompasses a rich set of diagram types—including class diagrams [3],
sequence diagrams [4], use case diagrams [5], and activity diagrams [6]—each capturing
a distinct structural or behavioral aspect of a software system. Constructing these dia-
grams from natural language requirements is a cognitively demanding task that requires
both domain understanding and modeling expertise, making it a compelling target for
automation [7–10].
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The rapid advancement of large language models (LLMs) [11,12], including GPT-4,
Claude, Gemini, and open-source alternatives such as LLaMA and Qwen, has demon-
strated remarkable capabilities across a wide range of software engineering tasks, including
code generation [13], bug fixing [14], test generation, and documentation [15]. These capa-
bilities have naturally prompted researchers to explore whether LLMs can automate the
construction of UML diagrams from textual requirements. Early investigations have shown
that LLMs can produce syntactically valid UML artifacts and capture high-level structural
patterns from requirement descriptions, suggesting genuine potential for UML modeling
automation. Studies have explored LLM-based generation of various UML diagram types,
including use case diagrams, sequence diagrams, and class diagrams, reporting promising
but inconsistent results across different models and task settings.

Among all UML diagram types, class diagrams occupy a particularly central role. They
capture the static structure of a system through classes, attributes, methods, and inter-class
relationships such as inheritance, association, aggregation, composition, and dependency,
forming the structural backbone upon which other diagram types are built [16]. The com-
plexity and expressiveness of class diagrams—requiring the model to simultaneously
identify entities, type their relationships, and enumerate fine-grained attributes—make
them both the most informative and the most challenging UML artifact to generate automat-
ically [17,18]. For these reasons, UML class diagram generation represents the most critical
and demanding test case for evaluating LLM-based UML modeling capabilities [19,20],
and is the focus of this paper.

However, despite the growing interest in this area, the research landscape for LLM-
based UML class diagram generation suffers from several critical gaps. First, most existing
studies evaluate only a single, typically closed-source model, preventing meaningful
cross-model comparisons. Second, prompt engineering—a factor known to substantially
influence LLM output quality—has received little systematic attention in the UML context.
Third, the effect of requirement complexity on model performance remains uncharacterized.
Fourth, virtually all prior work adopts a single-round, static evaluation paradigm, ignoring
the potential of iterative refinement to progressively improve model outputs. Finally,
the field lacks a standardized, publicly available dataset and a principled automated
evaluation metric for UML class diagram generation.

This paper addresses all of the above gaps through a structured empirical study. Our
contributions are as follows:

• We construct a standardized dataset of 30 UML class diagram exercises with ground-
truth PlantUML code, difficulty-stratified into easy, medium, and hard groups using
a composite scoring scheme based on class count, relationship complexity, attribute
count, and Flesch–Kincaid readability scores.

• We propose an automated weighted similarity metric that evaluates generated Plan-
tUML code against ground truth across three structural dimensions: classes, relation-
ships, and attributes.

• We conduct systematic experiments across multiple LLM types and scales, prompt-
ing strategies, difficulty levels, and iterative refinement schemes, organized around
four well-defined research questions. We also derive empirically grounded findings
and practical guidelines for applying LLMs to UML class diagram modeling, cover-
ing model selection, prompting strategy, and refinement approach for different task
complexity levels.

The remainder of this paper is organized as follows. Section 2 reviews related work on
LLMs in software engineering, UML automation, prompt engineering and iterative refine-
ment. Section 3 describes dataset construction, weighted evaluation metric and complete
experimental design for four research questions. Section 4 presents all experimental results
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and multi-dimensional analysis. Section 5 synthesizes core findings, provides practical
application guidelines and analyzes multiple threats to validity. Section 6 concludes the
whole research and lists promising future research directions.

2. Related Work
2.1. LLMs for Software Engineering

Large language models have been extensively applied to software engineering tasks,
demonstrating strong capabilities across code generation, bug fixing, test generation,
and documentation. Chen et al. introduced Codex, a GPT-derived language model
fine-tuned on a large corpus of public Python code from GitHub [21]. Evaluated on Hu-
manEval—a manually constructed benchmark comprising 164 Python programming prob-
lems—Codex achieved a pass@1 rate of 28.8%, significantly outperforming baseline models
including GPT-3 and GPT-J. This work established the foundation for LLM-based code
generation research and demonstrated that large-scale pre-training on code corpora enables
models to solve non-trivial programming tasks from natural language docstrings alone.

Nijkamp et al. proposed CodeGen, a family of autoregressive language models with
parameters ranging from 350M to 16.1B [22]. These models were trained sequentially on
three corpora: the natural language corpus The Pile, the multilingual programming lan-
guage corpus BigQuery, and the Python-specific corpus BigPython. A core contribution of
CodeGen is the proposal of the multi-turn program synthesis paradigm, which decomposes
complex programming tasks into a sequence of sub-problems solved through progressive
interaction. The authors further constructed the Multi-Turn Programming Benchmark
(MTPB) and verified that this multi-turn paradigm significantly improves the performance
of program synthesis compared with the single-turn paradigm.

Guo et al. presented DeepSeek-Coder, a series of code-focused large language models
(LLMs) with parameter sizes ranging from 1.3B to 33B, which were trained from scratch
on a carefully curated corpus of 2 trillion tokens covering 87 programming languages [23].
DeepSeek-Coder proposed a repository-level code pre-training strategy that integrates
cross-file contextual dependencies, enabling the model to effectively tackle project-level
code completion tasks. Equipped with a 16K context window and the Fill-in-the-Middle
(FIM) objective, the model achieved state-of-the-art performance among open-source code
models on benchmarks including HumanEval, MBPP, and DS-1000. Notably, its 33B
instruction-tuned variant outperformed closed-source models such as GPT-3.5-Turbo on
most code-related tasks.

Beyond code generation, Kang et al. explored the application of large language models
(LLMs) in software testing, with a specific focus on automatic bug reproduction from bug
reports [24]. Their proposed LIBRO framework leverages few-shot prompting to guide
LLMs in generating executable test cases for bug reproduction, which was evaluated
on 750 real-world bugs from the Defects4J benchmark. The study demonstrates that
this fully automated approach can successfully reproduce 33.5% of the bugs, and post-
processing strategies including test injection, dependency resolution, test selection and
ranking significantly improve the practical utility of the method. Hou et al. performed a
systematic literature review on large language models for software engineering (LLM4SE),
analyzing 395 primary studies published from January 2017 to January 2024 [25]. The review
categorized LLM architectures, software engineering datasets, optimization/evaluation
techniques, and 85 specific software engineering tasks, identifying code generation and
program repair as the most extensively studied tasks. Crucially for our work, the review
pointed out that model-driven engineering artifacts (including UML diagrams) remain one
of the least explored application scenarios, with extremely few studies focusing on UML
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generation in the entire corpus. This gap directly motivates our systematic research on
this domain.

2.2. UML Generation and Automation

Early approaches to automated UML generation relied on learning-based natural
language processing pipelines that extracted structural elements from requirement texts
through syntactic and semantic analysis. Pudlitz et al. proposed a learning-based named
entity recognition (NER) approach to extract system states from natural language require-
ments, with a focus on automotive domain requirements [26]. They developed a NER
model based on bidirectional LSTMs and CNNs, combined with bootstrapping for train-
ing data generation, and designed two workflows: an almost fully automated approach
with minimal manual effort and an iterative semi-automated approach with incremental
user feedback. This work demonstrated that machine learning-based state extraction can
drastically reduce manual labor compared with fully manual extraction, while maintaining
practical performance for requirements analysis and simulation validation.

Elallaoui et al. applied NLP techniques to realize the automatic transformation from
user stories into UML use case diagrams [27]. Their approach adopted the TreeTagger
parser for part-of-speech (POS) tagging to process user stories that follow the template of
“As a(n) [role], I want to/I can/I am able to [action], so that [benefit]”, so as to extract actors,
use cases and their association relationships. The method was evaluated on a dataset of
90 user stories from the WebCompany case study, achieving precision and recall of 98%
for actor extraction, and 87% precision and 85% recall for both use case and relationship
extraction. The study shows that the structured form of user stories offers favorable
syntactic basis for NLP-based extraction, while the main limitations lie in the fact that
complex sentences, containment relations, and multi-complex nouns cannot be processed
by the proposed plugin.

More recently, Zakaria et al. proposed a novel approach for automatically extracting
UML class diagrams from textual software specifications by leveraging large language
models (LLMs) [28]. They first reviewed two mainstream traditional methods: linguistic
approaches based on rules and grammars, and statistical approaches relying on machine
learning. To overcome the limitations of conventional methods, the authors designed an
LLM-centered framework that includes data pre-processing, encoding, transformer-based
processing, decoding, and class diagram generation. This approach uses pre-trained models
such as BERT and GPT to identify classes, attributes, methods and inter-class relationships,
and is currently in the stage of training dataset collection for subsequent model validation.
Nguyen et al. proposed an approach to automatically generate UML class diagrams from
natural language requirements using state-of-the-art large language models [29]. Their
method adopts chain-of-thought prompting to guide the model to extract domain entities,
attributes, and associations step by step, and evaluates the generated diagrams through
a comprehensive dual-validation framework that combines LLM-as-a-Judge pairwise
comparison and human-in-the-loop expert assessment. The study demonstrates that
advanced large language models can produce structurally coherent and semantically
meaningful class diagrams, while facing challenges in handling domain-specific complexity
and subjective evaluation criteria such as comprehensibility in specialized scenarios.

Beyond UML generation, Camburn et al. explored machine learning-based automated
evaluation for natural language design concepts in early-stage engineering design, propos-
ing a framework that extracts ontological data via machine learning and quantifies design
concepts with two core metrics: Span (for novelty) and Detail (for level of detail) [30].
Although their work does not focus on UML diagrams, it offers methodological references
for automated assessment of design artifacts—especially the use of ontology-driven quanti-
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tative metrics to measure creativity-related attributes—which guides the construction of our
automated evaluation metric. Their experimental results show that the human inter-rater
agreement for detail is high (0.73–0.91), and the machine–human correlation for the Detail
metric reaches 0.69, which supports the validity of automated quantitative evaluation for
design artifacts and provides a basis for our PlantUML-based evaluation scheme.

2.3. Prompt Engineering

Prompt engineering has emerged as a critical factor in eliciting high-quality outputs
from LLMs, with a growing body of work systematically characterizing the effects of
different prompting strategies across task types. Wei et al. introduced chain-of-thought
(CoT) prompting, demonstrating that augmenting few-shot prompts with intermediate
reasoning steps—rather than providing only input-output pairs—substantially improves
LLM performance on arithmetic, commonsense, and symbolic reasoning tasks [31]. Their
experiments across PaLM, GPT-3, and LaMDA showed that CoT gains scale with model
size, emerging most strongly in models with over 100B parameters. This work established
the theoretical foundation for our P4 prompting strategy, in which we decompose the class
diagram generation task into explicit reasoning steps.

Brown et al. established the few-shot in-context learning paradigm through their
seminal work on GPT-3, a 175B parameter autoregressive language model [32]. By demon-
strating that providing a small number of input–output examples directly in the prompt
context enables strong task performance without any gradient updates or fine-tuning,
this work fundamentally changed how practitioners interact with large language models
(LLMs). Their evaluation across 42 accuracy-denominated benchmarks showed that few-
shot performance improves steadily with both model size and the number of in-context
examples, revealing the effectiveness of in-context learning for prompting-based LLM
adaptation. Liu et al. presented a systematic survey of prompt-based learning in natural
language processing, proposing a unified formal framework and typology to organize
prompting methods across dimensions including prompt template engineering, prompt an-
swer engineering, multi-prompt learning, and prompt-aware training strategies [33]. They
also elucidated the paradigm shift from traditional supervised learning to the “pre-train,
prompt, and predict” paradigm, and summarized the applications, challenges, and correla-
tions of prompt learning with other research fields. This survey provides a solid theoretical
basis for our systematic comparison of prompting strategies.

White et al. proposed a domain-independent catalog of 16 prompt patterns for conver-
sational large language models, which are classified into six functional categories: input
semantics, output customization, error identification, prompt improvement, interaction,
and context control [34]. Among these patterns, the Persona Pattern (role-based prompting)
and Output Automater Pattern (generating executable scripts to automate recommended
steps) are highly relevant to structured and domain-specific output tasks. They theoretically
elaborated that the combination of multiple prompt patterns can enhance the performance
of LLM outputs, which provides a theoretical basis for our study on combined prompting
strategies. Kojima et al. demonstrated that zero-shot chain-of-thought reasoning can be
elicited from LLMs simply by appending the phrase “Let’s think step by step” to a prompt,
without any task-specific examples or manually crafted reasoning chains [35]. Evaluated
across arithmetic, symbolic, and commonsense reasoning benchmarks, zero-shot CoT sig-
nificantly outperformed standard zero-shot prompting while underperforming few-shot
CoT, suggesting that the reasoning capability is latent in the model and can be activated
through minimal prompting. This finding is particularly relevant to our work as it suggests
that structured decomposition prompts—even without domain-specific examples—can
substantially improve class diagram generation quality.
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2.4. Iterative LLM Refinement

Iterative refinement has emerged as a powerful paradigm for improving LLM output
quality beyond single-round generation, with several distinct approaches demonstrating
consistent gains across diverse tasks. Madaan et al. proposed Self-Refine, a general frame-
work for iteratively improving LLM outputs that operates without supervised training data
or reinforcement learning [36]. In Self-Refine, a single LLM serves three roles: generator,
feedback provider, and refiner. The model first generates an initial output, then critiques it
by identifying specific weaknesses, and finally produces an improved version based on
the critique. Evaluated across seven diverse tasks including code optimization, dialogue
response generation, and mathematical reasoning, Self-Refine achieved an average of 20%
absolute performance improvement over single-round generation. Critically, the authors
found that the quality of self-generated feedback is the primary determinant of refinement
effectiveness, which motivates our investigation of externally grounded feedback signals
in IT2.

Shinn et al. introduced Reflexion, a framework that equips LLM-based agents with
verbal reinforcement learning by converting task feedback signals into natural language
reflections stored in an episodic memory buffer [37]. Compared with Self-Refine, the core
difference of Reflexion is that it adds an episodic memory module to store reflective
experiences, and can flexibly integrate both external task feedback (e.g., test case results,
environment observations) and internal self-generated feedback (e.g., self-written unit
tests, LLM self-evaluation) to achieve more targeted iterative revisions with grounded
signals. Evaluated on AlfWorld sequential decision-making, HotpotQA question answering,
and HumanEval coding tasks, Reflexion achieved state-of-the-art results, with a 91%
pass@1 single-sample accuracy on HumanEval. The idea of Reflexion to realize iterative
optimization through verbal feedback and episodic memory directly inspired our IT2
automated feedback refinement scheme.

Chen et al. proposed SELF-DEBUGGING, a framework that enables large language
models (LLMs) to iteratively self-debug generated code via few-shot prompting [38]. In-
spired by rubber duck debugging, the core of their approach is to ask the model to explain
the generated code line-by-line in natural language for error localization; in scenarios
with unit tests, it can further combine code execution results and test outputs as feedback,
without human guidance or additional model training. Their work demonstrates that the
combination of code explanation (static self-critique) and execution feedback yields the best
performance, effectively identifying and correcting semantic errors (e.g., flawed SQL logic,
code translation mismatches). Pure static code explanation also plays a critical role in tasks
without test cases. On the Spider text-to-SQL benchmark (no unit tests), self-debugging
improves single-round generation by 2–3% and by up to 9% on the hardest problems; on
the TransCoder code translation benchmark (with unit tests), it achieves an improvement
of up to 12%.

Olausson et al. conducted a rigorous empirical study on the self-repair capability of
LLM-generated code, systematically evaluating the performance of self-repair supported by
model self-generated feedback and feedback from stronger models/humans across multiple
models and benchmarks [39]. Their key finding is that self-repair is not a universal solution
to improve code generation performance, and the performance gains are often modest
when computational costs are taken into account; the efficacy of self-repair is bottlenecked
by the quality of feedback that the model itself provides on faulty code, and using feedback
from stronger models or human experts can significantly improve repair success rates.
Peng et al. pioneered the use of GPT-4 to generate instruction-following data for large
language model instruction tuning, and also collected GPT-4-generated comparison and
scoring feedback to evaluate model outputs and train reward models [40]. Their work
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validated that instruction-following data produced by GPT-4 significantly enhances the
zero-shot performance of instruction-tuned models, and demonstrated the feasibility of
using GPT-4’s automatic feedback for model evaluation and alignment research. This
informed our use of structured quantitative scoring and targeted element assessment in the
feedback design, drawing on the value of GPT-4’s evaluative feedback for model alignment.

3. Methodology
3.1. Dataset Construction
3.1.1. Exercise Collection and Curation

We collected 30 UML class diagram exercises from software engineering textbooks,
academic course materials, and publicly available modeling repositories. Each exercise
consists of: (1) a natural language requirement description, (2) a ground-truth UML class
diagram image, and (3) the corresponding ground-truth PlantUML code. Exercises were
selected to cover a diverse range of application domains, including library management
systems, e-commerce platforms, hospital information systems, and banking applications,
among others.

3.1.2. Difficulty Stratification

To enable analysis of how requirement difficulty affects model performance, we strati-
fied the 30 exercises into three difficulty groups—easy (10), medium (10), and hard (10)—us-
ing a composite difficulty score computed from four dimensions:

Class Count (C). The number of distinct classes in the ground-truth diagram. Higher
class counts indicate greater structural complexity.

Relationship Complexity (R). The number of different relationships in the ground-truth
diagram. Larger number of relationships denotes greater semantic complexity. Different rela-
tionship types contain dependency, association, aggregation, composition, and inheritance.

Attribute Count (A). The total number of attributes across all classes in the ground-
truth diagram.

Flesch–Kincaid Score (FK). Applied to the natural language requirement text to
quantify linguistic complexity. The Flesch–Kincaid (FK) readability metric ranges from
0 to 100 numerically. Higher FK values correspond to easier plain text, whereas lower
scores stand for compact and complicated technical descriptions. Its standard calculation
formula is defined as FK = 206.835 − 1.015 × ASL − 84.6 × ASW, where ASL means
average sentence length and ASW denotes average syllables per single word. Its core
formula was first introduced in the 1974 monograph The Art of Readable Writing [41],
and the complete derivation and practical classification criteria were released in a 1975
U.S. technical report titled Derivation of New Readability Formulas (Automated Readability
Index, Fog Count and Flesch Reading Ease) [42]. Following the original classic standard, we
classify FK scores as follows: values greater than 60 indicate easy prose, scores between
30 and 60 represent moderately complex technical text, and values below 30 stand for
highly condensed and difficult technical content. The FK-related calculations can be found
at the following website: https://goodcalculators.com/flesch-kincaid-calculator (accessed
on 1 August 2025).

Therefore, the composite difficulty score D for exercise i is computed as

Di = wc · Ci + wr · Ri + wa · Ai + w f k · FKi (1)

where the weights (wc, wr, wa, w f k) = (0.35, 0.4, 0.23, 0.02) were determined through ex-
pert consultation. The four-dimensional composite difficulty weights are finalized via
consensus discussion among two experienced senior software engineering researchers who
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possess over ten years of UML modeling teaching and engineering practice experience.
The tiny weight assigned to FK originates from domain consensus that structural indicators
including class quantity and inter-class relationship dominate modeling difficulty, while
text readability exerts limited influence on technical requirement comprehension [17]. We
retain original raw-data weighting without normalization, as primitive numerical features
carry inherent domain semantics for UML difficulty evaluation. Exercises are then ranked
by Di and partitioned into three equal-sized groups.

It is worth noting that, even with the small coefficient of FK (0.02), we preserve it in
composite difficulty rather than dropping the readability dimension entirely. The composite
score is designed to integrate structural and textual complexity simultaneously, so FK
supplements unique linguistic information unavailable from class, relation and attribute
metrics. For standard UML modeling scenarios, structural features are the primary source
of task difficulty, while linguistic characteristics act as auxiliary attributes. Retaining FK
enables our scoring scheme to differentiate tasks with identical structural indicators but
distinct expression styles, capturing fine-grained discrepancies and refining the accuracy of
difficulty stratification.

Table 1 summarizes the data characteristics of each exercise, and Table 2 summarizes
the statistical characteristics of each difficulty group (average level). The medium difficulty
group obtains the highest average FK value among three tiers. This phenomenon stems
from writing styles of requirement texts: easy requirements are usually described in verbose
and plain language (high FK), hard requirements adopt extremely concise professional
expressions (low FK), while medium requirements balance plain narration and technical
wording naturally, thus forming a non-monotonic distribution of FK scores. According to
mean values and standard deviations, most indicators show completely separated value
ranges across three difficulty groups. Only the FK metric presents partial overlap between
easy and medium groups, which is caused by natural differences in text expression and
does not affect the rationality of our difficulty stratification. The detailed dataset can
be viewed on the following GitHub link: https://github.com/FlyingDwarfViolaMelon
(accessed on 1 May 2026).

3.2. Evaluation Metric

Given a model-generated PlantUML code snippet, we apply a rule-based parser to
extract three structural sets: the set of classes C, the set of relationships R (each represented
as a triple <source,type,target>), and the set of attributes A (each represented as a pair
<class,attribute_name>). The same parser is applied to the ground-truth PlantUML code to
obtain reference sets C∗, R∗, and A∗.

For each structural dimension, we compute a similarity matching score. For classes:

SC =
|C ∩ C∗|
|C∗| (2)

Class matching is performed using normalized string similarity (lowercased, stemmed)
with a threshold of 0.85 to account for minor naming variations. Relationship matching
requires both endpoint classes and relationship type to match. Attribute matching requires
both the owning class and attribute name to match. Analogous similarity matching scores
SR and SA are computed for relationships and attributes respectively.

Therefore, the final score S for a generated diagram is

S = w1 · SC + w2 · SR + w3 · SA (3)
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where (w1, w2, w3) = (0.4, 0.4, 0.2). The higher weight assigned to classes and relation-
ships reflects their greater structural significance in class diagram modeling. Attribute
completeness, while important, is considered secondary to structural correctness.

Table 1. The data characteristics of UML class diagram exercise.

Exercise ID Class Relationship Attribute Flesch–Kincaid Difficulty

exercise 1 5 5 14 50.4 easy
exercise 2 6 6 28 38.5 hard
exercise 3 6 7 10 45.9 easy
exercise 4 6 5 12 55.2 easy
exercise 5 7 8 12 67.5 easy
exercise 6 6 7 31 39.9 hard
exercise 7 8 11 14 56.9 medium
exercise 8 9 11 12 66.4 medium
exercise 9 6 5 7 58.6 easy
exercise 10 9 9 15 66.8 medium
exercise 11 6 8 16 54.0 medium
exercise 12 4 3 9 47.2 easy
exercise 13 11 12 12 54.0 hard
exercise 14 8 10 13 42.4 medium
exercise 15 11 13 16 45.1 hard
exercise 16 10 16 17 28.2 hard
exercise 17 10 15 20 41.6 hard
exercise 18 6 6 17 68.8 easy
exercise 19 7 10 11 48.6 medium
exercise 20 8 7 2 62.2 easy
exercise 21 13 16 38 39.4 hard
exercise 22 8 11 26 38.3 hard
exercise 23 6 9 11 55.4 medium
exercise 24 7 7 12 53.8 easy
exercise 25 9 9 20 66.4 medium
exercise 26 5 5 12 59.6 easy
exercise 27 8 8 0 74.5 medium
exercise 28 11 14 13 59.3 hard
exercise 29 9 10 13 54.7 medium
exercise 30 10 10 37 60.8 hard

Table 2. The dataset statistics by difficulty group. Values outside parentheses represent average
values; values inside parentheses denote standard deviation.

Difficulty Avg. Class Avg. Relationship Avg. Attribute Avg. FK

easy 6.0 (1.1) 5.8 (1.4) 10.7 (3.9) 56.92 (7.50)
medium 7.9 (1.1) 9.5 (1.0) 12.5 (4.9) 58.61 (9.22)
hard 9.6 (2.2) 12.0 (3.3) 23.8 (9.1) 44.51 (9.84)

3.3. Research Questions and Experimental Design

We organize our empirical study around four research questions, each targeting a
distinct dimension of LLM-based UML class diagram modeling.

RQ1: How do model type and parameter scale affect UML class diagram modeling performance?

The LLM landscape encompasses models that differ substantially in architecture, train-
ing paradigm, reasoning capability, and parameter count. In particular, the emergence of
reasoning-oriented models (e.g., DeepSeek-R1 distillation series) alongside general-purpose
chat models raises the question of whether enhanced reasoning capability translates into
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better UML structural modeling. Understanding which model characteristics correlate with
class diagram modeling quality is essential for practitioners selecting models for this task.

Experimental design for RQ1: We evaluate the following six models using the stan-
dardized baseline prompt strategy S0 (described in detail under RQ2):

• General-purpose chat models: DeepSeek-V3.2-Chat, Qwen1.5-32B-Chat, Qwen1.5-
72B-Chat.

• Reasoning-distilled models: DeepSeek-R1-Distill-Qwen-14B, DeepSeek-R1-Distill-
Qwen-32B.

• Large-scale thinking model: Qwen3-235B-A22B-Thinking.

Six representative LLMs are selected covering three mainstream categories: general-
purpose chat models, reasoning-distilled variants and ultra-large thinking model. Other
mainstream commercial LLMs like GPT-4 and Claude are excluded owing to permanent
API access restrictions and our core research target on open-source reproducible model
evaluation. Each model is evaluated on all 30 exercises. We report mean weighted scores
S overall and per difficulty group, as well as the three sub-scores SC, SR, SA separately,
to characterize where different model types succeed or fail. We analyze performance
differences across two dimensions: (1) parameter scale, by comparing models within the
same family at different sizes (Qwen1.5-32B vs. Qwen1.5-72B; DeepSeek-R1-Distill-Qwen-
14B vs. DeepSeek-R1-Distill-Qwen-32B); and (2) model type, by comparing general chat
models against reasoning-distilled models at comparable parameter scales (Qwen1.5-32B-
Chat vs. DeepSeek-R1-Distill-Qwen-32B), and both against the large-scale chat model
(DeepSeek-V3.2-Chat) and the thinking model (Qwen3-235B-A22B-Thinking). Statistical
significance of pairwise performance differences is assessed using the Wilcoxon signed-
rank test for multiple comparisons. Considering the problem of multiple comparisons, we
have applied the Bonferroni method to adjust all original p-values to control Type I error.
The corrected significance level is set to (α′ = 0.05/15 = 0.0033).

RQ2: How do different prompting strategies influence class diagram modeling quality?

Prompt engineering is known to substantially affect LLM output quality, yet no prior
work has systematically compared prompting strategies for UML class diagram generation
across multiple models. We design four prompting strategies with progressively richer
guidance (Appendix A), enabling us to isolate the contribution of each added component:
domain knowledge anchoring, structured step decomposition, and self-verification.

Experimental design for RQ2: All four strategies share a common base template
consisting of a role definition, a user requirement placeholder, a core guiding prompt
(the unique differentiator across strategies), and fixed output requirements specifying
PlantUML format. The four strategies are defined as follows:

• S0—Baseline (No Guidance): The core guiding prompt instructs the model to generate
a UML class diagram from the provided requirements with no additional constraints.
This strategy maximizes proximity to the model’s native generation capability and
serves as the reference baseline against which all gains from subsequent strategies
are attributed.

• S1—UML Standard Guidance: Building on S0, S1 adds explicit UML 2.5 standard
anchoring. The model is instructed to accurately identify all classes and distinguish
their attributes and methods, use only the five standard UML relationship types
(association, inheritance, aggregation, composition, dependency), and mark inter-class
multiplicities consistent with business logic. This strategy isolates the effect of domain
knowledge embedding, testing whether anchoring the model to professional UML
norms reduces low-level errors such as non-standard relationship expressions and
missing multiplicities.
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• S2—Structured Step Guidance: Building on S1, S2 adds a four-step structured model-
ing process: (1) extract all classes, eliminate redundant concepts, and define attributes
and methods; (2) analyze business relationships between each pair of classes, deter-
mine relationship types, and mark multiplicities; (3) verify compatibility of classes and
relationships, checking for missing classes, incorrect relationships, and business logic
consistency; (4) integrate all elements into a complete class diagram. This strategy
tests whether explicit step-by-step decomposition improves inter-class reasoning and
business logic consistency beyond domain knowledge anchoring alone.

• S3—Self-Verification Guidance: Building on S2, S3 extends the four-step process with
a fifth self-check and error correction step. After generating a preliminary diagram,
the model is instructed to verify: (1) whether core classes, relationships, attributes,
and methods are missing; (2) whether relationship types are incorrectly marked;
(3) whether multiplicities contradict business logic; (4) whether the output conforms
to PlantUML format specifications; (5) whether redundant classes or relationships are
present. Only after correcting all identified errors is the final diagram output. This
strategy tests whether post-generation self-verification further reduces low-level error
rates and improves completeness.

All four strategies are applied to all six models across all 30 exercises. We report mean
S, SC, SR, and SA for each model-strategy combination, and compute the incremental gain
of each strategy over S0 (∆S) to quantify the contribution of each added component. We
further analyze whether prompting gains are consistent across model types and difficulty
levels, and whether the relative ordering of strategies is preserved across models.

RQ3: How does requirement difficulty affect LLM class diagram modeling performance?

Real-world software requirements vary substantially in complexity. Understanding
how difficulty modulates model performance—and which structural dimensions (classes,
relationships, attributes) are most sensitive to increasing complexity—informs deployment
decisions and highlights areas requiring targeted improvement.

Experimental design for RQ3: Design. Using the best-performing prompt strategy
identified in RQ2 for each model, we conduct a fine-grained analysis of performance across
the three difficulty groups (easy, medium, hard). For each model and each difficulty group,
we report S, SC, SR, and SA separately, enabling a multi-dimensional characterization of
how difficulty impacts different structural aspects of class diagram generation. We compute
the performance drop from easy to hard for each model and each sub-score dimension
to quantify difficulty sensitivity. We further analyze the correlation between individual
difficulty dimensions (C: class count, R: relationship complexity, A: attribute count, FK:
Flesch–Kincaid score) and model score degradation using Spearman rank correlation,
identifying which difficulty factors are the strongest predictors of performance decline.
Additionally, we compare difficulty sensitivity across model types—general chat models
vs. reasoning-distilled models vs. the large-scale thinking model—to determine whether
enhanced reasoning capability provides greater robustness to requirement complexity.

RQ4: How can iterative prompting strategies continuously improve LLM class diagram
modeling capability?

Single-round generation represents a fundamental limitation of prior work. The
prompting strategies S1, S2, and S3 defined in RQ2 introduce progressively richer guidance
elements; a natural question is whether these elements can be applied iteratively—building
on an existing generated result rather than generating from scratch—to achieve further
improvements. We design a structured iterative refinement experiment that tests whether
sequential application of prompting guidance elements can continuously improve model
outputs, and characterizes the contribution of each refinement step.
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Experimental design for RQ4: Iterative refinement experiments are conducted on
two representative models: DeepSeek-V3.2-Chat (best-performing general chat model)
and Qwen3-235B-A22B-Thinking (large-scale thinking model), enabling comparison of
iterative refinement effectiveness across model types. The iterative refinement procedure
is built on a common mechanism: given an existing PlantUML code output, the model is
prompted to check and revise it according to the guidance of the target strategy, with the
instruction “Check and revise the generated PlantUML code as per the requirements.”
appended to the strategy prompt. The initial PlantUML code fed into all iterative chains is
the output generated by S0 for each exercise, ensuring a consistent starting point across all
refinement paths.

We evaluate five iterative refinement paths of increasing depth:

• S0 → S1: The S0-generated output is revised once using S1 guidance (UML
standard anchoring).

• S0 → S2: The S0-generated output is revised once using S2 guidance (structured
step decomposition).

• S0 → S3: The S0-generated output is revised once using S3 guidance (self-verification).
• S0 → S1 → S2: The S0-generated output is first revised using S1, then the S1-revised

output is further revised using S2.
• S0 → S1 → S2 → S3: The S0 → S1 → S2 output is further revised using S3, forming

the full three-step iterative chain.

This design allows us to answer several specific sub-questions: (1) Does iterative
application of individual guidance elements (S0 → S1, S0 → S2, S0 → S3) outperform
their single-round counterparts? (2) Does chaining multiple refinement steps (S0 → S1 →
S2 → S3) yield cumulative gains beyond any single refinement step? (3) Do marginal gains
diminish as the refinement chain lengthens? (4) Is the effectiveness of iterative refinement
consistent across model types?

For each refinement path and each model, we report S, SC, SR, and SA averaged across
all 30 exercises, as well as per-difficulty-group breakdowns. Score trajectories along the
refinement chain (S0 → S0 + S1 → S0 + S1 + S2 → S0 + S1 + S2 + S3) are plotted to visualize
the cumulative effect of each refinement step. Statistical significance of improvements at
each step is assessed using the Wilcoxon signed-rank test.

3.4. Experimental Setup

For model deployment, DeepSeek-V3.2-Chat and Qwen series are invoked via official
open API service; DeepSeek-R1 distilled models are fully deployed locally on hardware
equipped with A100 80 GB GPUs. No RAG retrieval enhancement or extra external
tool is embedded during all prompt input procedures. All requirement texts are directly
embedded into prompt template as plain text. Each group of experiments is repeated three
times independently and final reported scores adopt average value across multiple runs.

4. Experimental Results
4.1. RQ1: Impact of Model Type and Parameter Scale

Tables 3 and 4 present the mean weighted scores of all six evaluated models on the
full dataset under the S0 baseline prompt strategy, broken down by overall performance
and per difficulty group. ∆E→H indicates the performance drop from easy to hard.

Based on the above results, we can make the following discoveries in RQ1.
Finding 1: DeepSeek-V3.2-Chat achieves the highest overall score (Avg. S = 44.01%)

among all evaluated models, substantially outperforming the second-ranked model,
Qwen3-235B-A22B-Thinking (Avg. S = 36.03%), by a margin of 7.98 percentage points.
The overall scores across all models are notably low, with the best-performing model reach-
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ing only 44.01% and the worst-performing model (Qwen1.5-32B-Chat) reaching 26.54%.
This indicates that UML class diagram generation from natural language requirements
under zero-guidance conditions remains a genuinely difficult task for all evaluated mod-
els, with substantial room for improvement through prompting strategies and iterative
refinement. In addition, The highest overall weighted score 44.01% obtained by DeepSeek-
V3.2-Chat indicates moderate overall modeling capacity, which means this model correctly
identifies nearly 44% of total valid UML structural elements including classes, relation-
ships and attributes. Such limited score intuitively proves generating standard UML class
diagram from natural language remains a tough challenge for existing mainstream large
language models.

Finding 2: Across all models, SC (class matching score) is consistently the highest
sub-score, ranging from 56.41% (Qwen1.5-32B-Chat) to 68.41% (DeepSeek-V3.2-Chat).
In stark contrast, SR (relationship matching score) is dramatically lower, ranging from 8.12%
(Qwen1.5-32B-Chat) to 39.84% (DeepSeek-V3.2-Chat), and SA (attribute matching score)
is the lowest across all models, with all six models scoring below 4.5%. This pronounced
sub-score disparity reveals a clear capability hierarchy: identifying classes is the most
tractable sub-task, while relationship modeling and attribute extraction represent severe
bottlenecks under baseline conditions. The near-zero SA scores suggest that attribute-level
generation is largely unreliable without explicit prompting guidance.

Finding 3: Parameter scale does not monotonically determine performance across
model families. Within the Qwen1.5 general chat family, the 72B model (Avg. S = 29.93%)
outperforms the 32B model (Avg. S = 26.54%) by 3.39 percentage points, consistent
with the expectation that larger scale yields better performance within the same train-
ing paradigm. However, within the DeepSeek-R1-Distill-Qwen reasoning family, the 32B
model (Avg. S = 35.20%) outperforms the 14B model (Avg. S = 30.81%) by 4.39 percent-
age points, also consistent with scale expectations. Crucially, DeepSeek-V3.2-Chat (671B)
substantially outperforms all other models, suggesting that at sufficiently large scale, gen-
eral chat models can dominate both reasoning-distilled and thinking-oriented models on
this task.

Finding 4: At comparable parameter scales (32B), the reasoning-distilled model
(DeepSeek-R1-Distill-Qwen-32B, Avg. S = 35.20%) substantially outperforms the gen-
eral chat model (Qwen1.5-32B-Chat, Avg. S = 26.54%) by 8.66 percentage points. This gap
is particularly pronounced in SR (25.73% vs. 8.12%, a difference of 17.61 percentage points),
indicating that reasoning-oriented training provides a decisive advantage specifically in
relationship modeling—the most challenging sub-task. This finding suggests that the
structured multi-step inference characteristic of reasoning-distilled models is particularly
well-suited to the relationship identification demands of UML class diagram generation.

Finding 5: The difficulty-group analysis in Table 3 reveals several noteworthy pat-
terns. First, DeepSeek-V3.2-Chat demonstrates the most stable performance across dif-
ficulty levels, with scores of 46.62%, 43.39%, and 42.02% for easy, medium, and hard
exercises respectively (∆E→H = −4.60), indicating strong robustness to requirement com-
plexity. Second, DeepSeek-R1-Distill-Qwen-32B shows the largest performance drop from
easy to hard (∆E→H = −10.28), despite its strong overall ranking, suggesting that its
reasoning capability is more sensitive to structural complexity than its overall score im-
plies. Third, and most strikingly, Qwen3-235B-A22B-Thinking is the only model that
shows a positive ∆E→H = +3.82, meaning its performance actually improves from easy to
medium exercises (31.66% → 40.94%) before declining slightly on hard exercises (35.48%).
This anomalous pattern suggests that the thinking model may underperform on simple
requirements—possibly due to over-elaboration or excessive reasoning steps—while per-
forming relatively better when requirements provide richer structural context to reason
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about. Moreover, The non-monotonic changing trend across three difficulty tiers is rea-
sonable. Easy-level requirements are usually described in ambiguous, over-simplified
expressions lacking detailed structural constraints; hard tasks contain excessive overlap-
ping structures beyond model processing capacity; medium requirements balance textual
description and structural complexity, fitting the inherent reasoning boundary of current
LLMs, hence achieving the optimal average performance.

Finding 6: Wilcoxon signed-rank tests with Bonferroni correction (α′ = 0.0033) confirm
that DeepSeek-V3.2-Chat significantly outperforms Qwen1.5-32B-Chat (p = 0.0003) and
DeepSeek-R1-Distill-Qwen-14B (p = 0.0018). Differences between DeepSeek-V3.2-Chat and
the remaining models, while directionally consistent, do not reach statistical significance
after correction, reflecting the limited sample size of 30 exercises. Notably, the difference be-
tween Qwen3-235B-A22B-Thinking and DeepSeek-R1-Distill-Qwen-14B is non-significant
(p = 0.586), consistent with their near-identical overall scores (36.03% vs. 35.20%).

Table 3. Overall performance of all models under S0 strategy (%).

Model Type Params Avg. S Avg. SC Avg. SR Avg. SA

Qwen3-235B-A22B-Thinking Thinking 235B 36.03 63.06 25.24 3.54

DeepSeek-V3.2-Chat General 671B 44.01 68.41 39.84 3.54

Qwen1.5-32B-Chat General 32B 26.54 56.41 8.12 3.66

Qwen1.5-72B-Chat General 72B 29.93 61.49 11.68 3.33

DeepSeek-R1-Distill-Qwen-14B Reasoning 14B 30.81 56.98 17.85 4.38

DeepSeek-R1-Distill-Qwen-32B Reasoning 32B 35.20 60.53 25.73 3.46

Table 4. Average S score performance by difficulty group under S0 strategy (%).

Model Easy Medium Hard ∆E→H

Qwen3-235B-A22B-Thinking 31.66 40.94 35.48 3.82

DeepSeek-V3.2-Chat 46.62 43.39 42.02 −4.60

Qwen1.5-32B-Chat 28.48 25.45 25.70 −2.78

Qwen1.5-72B-Chat 31.75 33.68 24.36 −7.39

DeepSeek-R1-Distill-Qwen-14B 31.02 34.73 26.68 −4.34

DeepSeek-R1-Distill-Qwen-32B 37.51 40.85 27.23 −10.28

4.2. RQ2: Impact of Prompting Strategies

Table 5 reports the performance of all six models under each of the four prompting
strategies. Table 6 presents the incremental gains between strategies. Table 7 summarizes
sub-score improvements averaged across all models.

Table 5. Average S score performance under different prompting strategies (%).

Model S0 S1 S2 S3

Qwen3-235B-A22B-Thinking 36.03 39.32 37.57 39.43

DeepSeek-V3.2-Chat 44.01 43.04 42.70 45.19

Qwen1.5-32B-Chat 26.54 27.10 29.74 26.58

Qwen1.5-72B-Chat 29.93 31.25 30.60 31.89

DeepSeek-R1-Distill-Qwen-14B 30.81 32.89 31.78 33.03

DeepSeek-R1-Distill-Qwen-32B 35.20 35.40 34.61 33.46
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Table 6. Incremental gains ∆S (%).

Model S1-S0 S2-S0 S3-S0 S2-S1 S3-S1 S3-S2

Qwen3-235B-A22B-Thinking +3.29 +1.54 +3.40 −1.75 +0.11 +1.86

DeepSeek-V3.2-Chat −0.97 −1.31 +1.18 −0.34 +2.15 +2.49

Qwen1.5-32B-Chat +0.56 +3.20 +0.04 +2.64 −0.52 −3.16

Qwen1.5-72B-Chat +1.32 +0.67 +1.96 −0.65 +0.64 +1.29

DeepSeek-R1-Distill-Qwen-14B +2.08 +0.97 +2.22 −1.11 +0.14 +1.25

DeepSeek-R1-Distill-Qwen-32B +0.20 −0.59 −1.74 −0.79 −1.94 −1.15

Table 7. Sub-score improvements from S0 to S3 (averaged across all models).

Sub-Score S0 S1 S2 S3 Total Gain

SC 61.15 62.46 62.12 62.40 1.25

SR 21.41 22.79 22.20 22.99 1.58

SA 3.65 3.67 3.85 3.88 0.23

S 33.75 34.83 34.50 34.93 1.18

Based on the above results, we can make the following discoveries in RQ2.
Finding 7: The overall gains from prompting strategies are modest across all models,

with the average weighted score improving from 33.75% (S0) to only 34.93% (S3), a total
gain of merely 1.18 percentage points averaged across all models. This limited improvement
stands in sharp contrast to the expectations from the prompt engineering literature, and re-
veals that simply adding UML domain knowledge, structured steps, or self-verification
instructions to a single-round prompt does not reliably unlock substantial performance
gains for this task. The result motivates the iterative refinement approach investigated
in RQ4.

Finding 8: No single prompting strategy consistently dominates across all models.
The best-performing strategy varies by model: S3 achieves the highest score for Qwen3-
235B-A22B-Thinking (39.43%), DeepSeek-V3.2-Chat (45.19%), Qwen1.5-72B-Chat (31.89%),
and DeepSeek-R1-Distill-Qwen-14B (33.03%); S2 achieves the highest score for Qwen1.5-
32B-Chat (29.74%); while for DeepSeek-R1-Distill-Qwen-32B, S0 (35.20%) actually outper-
forms all other strategies, with performance monotonically decreasing from S1 through
S3. This heterogeneity indicates that the effect of prompting guidance is model-dependent,
and that more structured prompts do not universally benefit all model types.

Finding 9: The incremental gain patterns in Table 6 reveal that the relationship be-
tween prompting complexity and performance improvement is non-linear and model-
specific. For most models, S1 (UML standard anchoring) provides a positive first-step
gain, with Qwen3-235B-A22B-Thinking (+3.29), DeepSeek-R1-Distill-Qwen-14B (+2.08),
and Qwen1.5-72B-Chat (+1.32) all benefiting from domain knowledge embedding. How-
ever, the transition from S1 to S2 yields negative incremental gains for four out of six
models (S2-S1 ranging from −0.34 to −1.75), suggesting that adding structured step de-
composition on top of UML standard guidance introduces conflicting constraints for most
models rather than providing complementary benefits. S3 partially recovers these losses
for several models, with the S3-S2 gain being positive for four models, indicating that the
self-verification mechanism in S3 is more compatible with model behavior than the rigid
step decomposition in S2.

Finding 10: The sub-score analysis in Table 6 reveals that all three structural dimensions
show only marginal improvements from S0 to S3 when averaged across models. SR shows
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the largest absolute gain (+1.58 percentage points), followed by SC (+1.25) and SA (+0.23).
The near-zero gain in SA (from 3.65% to 3.88%) confirms that attribute-level generation
remains largely unresponsive to single-round prompting guidance across all strategies,
reinforcing the conclusion that attribute extraction requires more targeted interventions
such as iterative refinement. Notably, SR and SC both show a non-monotonic trajectory
across strategies, mirroring the non-monotonic pattern observed at the model level and
suggesting that the interaction between prompting strategy and model behavior is complex
and not simply additive.

4.3. RQ3: Impact of Requirement Difficulty

Table 8 presents the performance breakdown by difficulty group for all models using
their best-performing prompt strategy (S3), reporting all four score dimensions. Figures 1–3
are the overall radar charts of the models under different difficulty levels.

Table 8. Performance by difficulty group under S3 strategy (Avg.).

Dataset Metrics Easy Medium Hard ∆E→H

Qwen3-235B-A22B-Thinking

Avg. S 31.42 47.07 39.85 +8.43
Avg. SC 65.11 70.66 61.20 −3.91
Avg. SR 13.43 42.02 38.22 +24.79
Avg. SA 0 10 0.43 +0.43

DeepSeek-V3.2-Chat

Avg. S 45.85 47.63 42.06 −3.79
Avg. SC 73.77 69.68 63.98 −9.79
Avg. SR 40.86 44.09 41.18 0.32
Avg. SA 0 10.62 0 0

Qwen1.5-32B-Chat

Avg. S 27.83 27.76 24.16 −3.67
Avg. SC 58.17 59.50 50.57 −7.60
Avg. SR 11.11 4.91 9.64 −1.47
Avg. SA 0.59 10 0.39 −0.20

Qwen1.5-72B-Chat

Avg. S 31.86 35.25 28.58 −3.28
Avg. SC 62.76 62.46 56.64 −6.12
Avg. SR 16.89 20.66 14.81 −2.08
Avg. SA 0 10 0 0

DeepSeek-R1-Distill-Qwen-14B

Avg. S 37.98 36.83 24.28 −13.70
Avg. SC 68.68 64.82 55.02 −13.66
Avg. SR 25.97 19.82 5.48 −20.49
Avg. SA 0.59 14.89 0.39 −0.20

DeepSeek-R1-Distill-Qwen-32B

Avg. S 35.82 36.42 28.14 −7.68
Avg. SC 65.35 63.53 50.89 −14.46
Avg. SR 23.90 22.20 19.26 −4.64
Avg. SA 0.59 10.62 0.39 −0.20

Based on the above results, we can make the following discoveries in RQ3.
Finding 11: The impact of requirement difficulty on model performance is highly

heterogeneous across models, and does not follow a simple monotonic degradation pattern
as commonly assumed. Five out of six models show a non-monotonic trajectory across
difficulty levels, with medium exercises generally yielding higher scores than both easy and
hard exercises. Specifically, DeepSeek-V3.2-Chat scores 45.85% (easy), 47.63% (medium),
and 42.06% (hard); Qwen1.5-72B-Chat scores 31.86%, 35.25%, and 28.58%; and DeepSeek-
R1-Distill-Qwen-32B scores 35.82%, 36.42%, and 28.14% respectively. This pattern suggests
that easy exercises may present deceptively difficult challenges for LLMs—possibly due to
under-specified or ambiguous requirements that lack sufficient structural context—while
medium exercises provide a level of detail that better aligns with model capabilities. Hard
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exercises, by contrast, introduce complexity that exceeds model capacity, resulting in the
lowest scores across most models.
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Figure 1. The overall model performance radar chart of the easy group under the S3 strategy.
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Figure 2. The overall model performance radar chart of the medium group under the S3 strategy.

Finding 12: SA (attribute matching score) exhibits a striking and consistent pat-
tern across all six models: scores are near zero for easy and hard exercises, but rise
to approximately 10% for medium exercises. This pattern holds regardless of model
type—DeepSeek-V3.2-Chat scores 0, 10.62, 0; Qwen1.5-72B-Chat scores 0, 10.00, 0; Qwen3-
235B-A22B-Thinking scores 0, 10.00, 0.43—suggesting that attribute generation is not
primarily driven by model capability differences but rather by characteristics specific
to the medium-difficulty exercises in our dataset. A likely explanation is that medium-
difficulty exercises contain more explicitly stated attributes in their requirement texts,
making attribute extraction more tractable regardless of model type, while easy exercises
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may describe systems at too high a level of abstraction and hard exercises may contain
attributes distributed across complex, interleaved descriptions that resist extraction.
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model performance comparison (Hard group)
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Qwen1.5-72B-Chat

DeepSeek-R1-Distill-Qwen-14B

DeepSeek-R1-Distill-Qwen-32B

Figure 3. The overall model performance radar chart of the hard group under the S3 strategy.

Finding 13: The consistently near-zero SA scores across easy and hard difficulty
groups—regardless of model type, parameter scale, or prompting strategy—point to a
fundamental limitation of current LLMs in attribute-level UML modeling (from Figure 1
to Figure 3). Even the strongest model, DeepSeek-V3.2-Chat, achieves 0% attribute match-
ing on both easy and hard exercises under S3, despite achieving competitive scores
on SC and SR. This suggests that attribute extraction requires a qualitatively different
type of fine-grained reading comprehension that current prompting strategies, including
self-verification (S3), are unable to reliably elicit. Targeted interventions specifically de-
signed for attribute extraction—such as attribute-focused prompting or iterative attribute
refinement—are likely necessary to meaningfully improve SA scores.

Finding 14: Spearman rank correlation analysis between individual difficulty dimen-
sions and model score degradation reveals that relationship complexity (R) is the strongest
predictor of performance decline (ρ = −0.262), followed by class count (C, ρ = −0.231),
attribute count (A, ρ = −0.056), and Flesch–Kincaid readability score (FK, ρ = −0.102).
The dominance of structural complexity factors over linguistic complexity confirms that the
primary challenge in hard exercises is structural rather than linguistic in nature, and that
improvements to LLM-based UML class diagram generation should prioritize structural
reasoning capabilities—particularly relationship identification and typing—over natural
language understanding. All calculated Spearman correlation coefficients have absolute
values below 0.3, which are defined as weak correlation in statistical norms. Among four
difficulty dimensions, relationship complexity owns the maximum negative correlation
coefficient ρ = −0.262, verifying structural complexity dominates performance attenuation
instead of linguistic FK index. As exploratory analysis with limited samples, adjusted
p-values and confidence intervals are not supplemented in current manuscript.

4.4. RQ4: Impact of Iterative Prompting Strategies

Tables 9 and 10 report the score trajectories along all five iterative refinement paths
for DeepSeek-V3.2-Chat and Qwen3-235B-A22B-Thinking respectively. Table 11 presents
per-difficulty-group breakdowns for the full iterative chain.
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Table 9. Iterative refinement score trajectories—DeepSeek-V3.2-Chat (%).

Path Avg. S Avg. SC Avg. SR Avg. SA Gain vs. S0

S0 (baseline) 43.45 68.34 38.52 3.54 –

S0 → S1 43.66 68.34 39.05 3.54 +0.21

S0 → S2 42.44 68.34 35.99 3.54 −1.01

S0 → S3 42.77 68.34 36.82 3.54 −0.68

S0 → S1 → S2 44.22 68.89 39.89 0.00 +0.77

S0 → S1 → S2 → S3 44.00 68.89 39.33 3.54 +0.55

Table 10. Iterative refinement score trajectories—Qwen3-235B-A22B-Thinking (%).

Path Avg. S Avg. SC Avg. SR Avg. SA Gain vs. S0

S0 (baseline) 34.74 62.83 22.26 3.54 –

S0 → S1 38.36 65.52 28.61 3.54 +3.62

S0 → S2 38.01 64.68 28.58 3.54 +3.27

S0 → S3 36.61 62.91 26.84 3.54 +1.87

S0 → S1 → S2 38.34 64.36 29.72 3.54 +3.60

S0 → S1 → S2 → S3 38.98 63.75 31.93 3.54 +4.24

Table 11. Full iterative chain (S0 → S1 → S2 → S3) by difficulty group.

Model Metric Easy Medium Hard Overall

DeepSeek-V3.2-Chat Avg. S 43.22 44.98 43.80 44.00
Gain vs. S0 +1.23 +0.10 +0.30 +0.55

Qwen3-235B-A22B-Thinking Avg. S 32.90 46.82 37.23 38.98
Gain vs. S0 +3.61 +4.22 +4.89 +4.24

Based on the above results, we can make the following discoveries in RQ4.
Finding 15: The two models exhibit fundamentally different responses to iterative

refinement, revealing that the effectiveness of iterative prompting is strongly model-
dependent. Qwen3-235B-A22B-Thinking benefits consistently and substantially from
iterative refinement, with all five refinement paths yielding positive gains over S0 (ranging
from +1.87 to +4.24 percentage points), and the full chain S0 → S1 → S2 → S3 achieving
the highest overall score of 38.98% (+4.24 over baseline). In contrast, DeepSeek-V3.2-Chat
shows a mixed and largely marginal response: three out of five refinement paths yield
negative or near-zero gains (S0 → S2: −1.01, S0 → S3: −0.68, S0 → S1 → S2 → S3: +0.55),
and the best iterative path (S0 → S1 → S2: +0.77) provides only a modest improvement
over baseline. This divergence suggests that iterative refinement is most beneficial for
models whose single-round generation is constrained by insufficient guidance activation,
while models that already perform near their ceiling under S0 conditions derive limited
additional benefit from iterative instruction layering.

Finding 16: The sub-score trajectories reveal an important structural pattern: SC and
SA are remarkably stable across all iterative paths for both models, while SR is the primary
driver of performance variation. For DeepSeek-V3.2-Chat, SC remains fixed at 68.34% across
all single-step paths and increases marginally to 68.89% for multi-step paths, while SA is
uniformly 3.54% except in S0 → S1 → S2 where it drops to 0%. The SR variation (35.99% to
39.89%) accounts for virtually all of the observed performance differences across iterative
paths. For Qwen3-235B-A22B-Thinking, SR similarly drives the gains, rising from 22.26%
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(S0) to 31.93% (S0 → S1 → S2 → S3), a gain of +9.67 percentage points, while SC shows
only modest variation (62.83% to 65.52%) and SA remains constant at 3.54% across all paths.
This confirms that iterative refinement primarily operates through improving relationship
modeling, and has negligible effect on class identification and attribute extraction.

Finding 17: For Qwen3-235B-A22B-Thinking, the single-step iterative paths S0 →
S1 (+3.62) and S0 → S2 (+3.27) both yield substantially larger gains than their single-
round counterparts in RQ2 (S1-S0: +3.29, S2-S0: +1.54). This asymmetry is particularly
pronounced for S2, where the iterative gain (+3.27) more than doubles the single-round
gain (+1.54). This finding reveals that for this thinking model, applying structured step
decomposition as a revision operation on an existing output is substantially more effective
than using it to guide generation from scratch, likely because the existing S0 output
provides a concrete structural scaffold that the model can systematically refine rather than
construct anew. This suggests a fundamental difference in how thinking models process
revision instructions versus generation instructions.

Finding 18: The per-difficulty analysis in Table 11 reveals contrasting patterns be-
tween the two models. For DeepSeek-V3.2-Chat, iterative gains are concentrated almost
entirely on easy exercises (+1.23), with negligible gains on medium (+0.10) and hard (+0.30)
exercises, suggesting that iterative refinement helps this model primarily by correcting
minor errors in simple requirements where it already performs well, while providing
little additional benefit for more complex requirements. For Qwen3-235B-A22B-Thinking,
the pattern is reversed: gains increase monotonically with difficulty, from +3.61 (easy)
to +4.22 (medium) to +4.89 (hard). This monotonically increasing gain pattern indicates
that iterative refinement is most valuable for this model precisely on the exercises where
single-round generation is most inadequate, and that the thinking model’s reasoning capa-
bility is better leveraged through iterative revision than through single-round generation,
particularly under conditions of high structural complexity.

Finding 19: Comparing the overall iterative refinement gains against the single-
round prompting gains from RQ2, iterative refinement provides substantially larger
improvements for Qwen3-235B-A22B-Thinking: the best iterative gain (+4.24 from
S0 → S1 → S2 → S3) exceeds the best single-round gain (+3.40 from S3 in RQ2) by 0.84 per-
centage points. For DeepSeek-V3.2-Chat, the comparison favors single-round strategies:
the best single-round gain (+1.18 from S3 in RQ2) exceeds the best iterative gain (+0.77 from
S0 → S1 → S2). This cross-model comparison leads to a practically important conclusion:
for thinking-oriented models, iterative refinement is the preferred improvement strat-
egy; for high-performing general chat models, carefully selected single-round prompting
strategies may be more effective and cost-efficient than iterative revision chains.

5. Discussion
5.1. Synthesis of Findings

Our experiments reveal key findings that collectively characterize the current state of
LLM-based UML class diagram modeling. Specifically, our results expose a set of non-trivial
interactions among model type, prompting strategy, requirement difficulty, and iterative
refinement that carry important implications for both research and practice.

Overall performance levels remains low across all conditions, indicating fundamen-
tal task difficulty. The best-performing model (DeepSeek-V3.2-Chat) achieves only 44.01%
under the baseline condition, and the best single-round prompting strategy raises this to
45.19%. These scores confirm that generating structurally accurate UML class diagrams
from natural language requirements is a genuinely difficult task for current LLMs, par-
ticularly at the relationship and attribute levels, with substantial room for improvement
remaining across all evaluated approaches. The persistently near-zero SA scores across all
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models, strategies, and difficulty levels underscore that attribute-level generation remains
an essentially unsolved problem under current prompting paradigms.

Model type determines both performance level and guidance responsiveness. The
finding that DeepSeek-V3.2-Chat (general chat, 671B) substantially outperforms Qwen3-
235B-A22B-Thinking (thinking, 235B) under baseline conditions, while the thinking model
responds more strongly to both prompting guidance and iterative refinement, reveals a
fundamental trade-off between native generation capability and guidance responsiveness.
High-performing general chat models appear to operate near their single-round ceiling,
leaving little room for prompting or iterative interventions to add value. Thinking-oriented
models, by contrast, appear to have latent structural reasoning capabilities that are not fully
activated under minimal prompting but can be progressively unlocked through structured
guidance. This suggests that the evaluation of LLMs for UML modeling tasks should
not be based solely on single-round baseline performance, as this metric systematically
underestimates the potential of thinking-oriented models.

Prompting strategy effectiveness is model-dependent, not universal. The finding
that no single prompting strategy dominates across all models—and that DeepSeek-R1-
Distill-Qwen-32B actually performs best under the zero-guidance baseline S0—challenges
the common assumption that more structured prompts are universally beneficial. The coun-
terproductive effect of structured step decomposition and self-verification on certain models
(particularly reasoning-distilled models) suggests that these models have already internal-
ized the reasoning structures that external prompts attempt to impose, making additional
guidance redundant or disruptive. This has a practical implication: prompt engineering for
UML modeling cannot be treated as a model-agnostic intervention, and practitioners must
calibrate prompting complexity to model type.

Relationship modeling is the universal and persistent bottleneck. Across all
experiments—model comparisons, prompting strategies, difficulty levels, and iterative
refinement—SR consistently lags behind SC and is the primary dimension along which
models fail under increasing complexity. The near-collapse of SR for smaller reasoning-
distilled models on hard exercises (DeepSeek-R1-Distill-Qwen-14B: SR = 5.48% on hard
exercises) and the dominance of SR variation in driving iterative refinement gains confirm
that relationship identification and typing is the core unsolved challenge in LLM-based
UML class diagram generation. Future work should prioritize targeted interventions for
relationship modeling, such as relationship-focused prompting templates or specialized
fine-tuning on relationship-rich datasets.

Attribute extraction is an unsolved problem. SA scores are near zero across all models,
strategies, and difficulty levels. No evaluated approach reliably elicits attribute-level gen-
eration, indicating that attribute extraction requires fundamentally different mechanisms
beyond current prompting paradigms.

Iterative refinement unlocks gains beyond single-round prompting, but only for
certain models. The finding that iterative refinement provides substantially larger benefits
for Qwen3-235B-A22B-Thinking than for DeepSeek-V3.2-Chat, and that the best iterative
chain for the thinking model (+4.24 percentage points) exceeds the best single-round
strategy for the same model (+3.40 percentage points), confirms that iterative revision is a
qualitatively different optimization mechanism from single-round prompting. However,
the limited and sometimes negative iterative gains for DeepSeek-V3.2-Chat caution against
treating iterative refinement as a universally applicable improvement strategy. The cost of
multiple inference rounds must be weighed against the expected benefit, which our results
show to be model-specific.
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5.2. Practical Guidelines

Based on our findings, we offer the following guidelines for researchers and practitioners:

(1) Match prompting strategy to model type. Apply S3 prompting strategy for gen-
eral chat and thinking models; use S0 or S1 strategy for reasoning-distilled models,
as structured guidance hurts rather than helps these models.

(2) Use iterative refinement for thinking-oriented models on complex requirements.
The full S0 → S1 → S2 → S3 chain provides the largest gains for Qwen3-235B-A22B-
Thinking, with gains increasing monotonically with difficulty. For high-performing gen-
eral chat models, single-round S3 prompting is more cost-efficient than iterative revision.

(3) Treat S1 prompting strategy as the minimum prompting baseline. UML standard
anchoring (S1) provides consistent positive gains across all models with no ob-
served negative effects, and should replace zero-guidance prompting as the default
starting point.

(4) Do not rely on automated generation for attribute accuracy. Given near-zero SA scores
across all conditions, applications requiring attribute-level precision must incorporate
post-generation human verification or domain-specific extraction pipelines.

(5) Evaluate models on medium-difficulty requirements. The non-monotonic difficulty
response indicates that easy exercises underestimate model capability. Medium-
difficulty requirements better reflect realistic deployment conditions and should be
prioritized in benchmark evaluation.

5.3. Threats to Validity

Internal validity. Our automated metric measures structural similarity rather than
semantic correctness. Errors in relationship direction, multiplicity, or method signatures
may not affect matching scores, potentially overestimating performance on specific exer-
cises. In addition, our proposed weighted structural similarity metric mainly focuses on
element matching rate and is naturally inclined to recall indicator without extra penalty
items for redundant or spurious generated content. We fully acknowledge this inherent
limitation and suggest future research construct multi-dimensional evaluation metrics
balancing precision and recall simultaneously.

Construct validity. The difficulty stratification scheme relies on four proxy metrics
(C,R,A, FK) that capture structural and linguistic complexity but may not fully reflect
the cognitive difficulty of requirement interpretation. In particular, the Flesch–Kincaid
score measures surface-level readability and may not capture domain-specific conceptual
complexity that affects model performance independently of structural factors. Moreover,
prompt content requires LLMs to generate methods, multiplicity parameters and directional
relationships, whereas our automatic evaluation concentrates on core class, relationship and
attribute items without fine-grained check for methods, multiplicity and relation direction.
This mismatch is an acknowledged limitation of current evaluation scheme, and detailed
fine-grained assessment will be explored in subsequent research.

External validity. Our dataset of 30 exercises, while carefully difficulty-stratified and
domain-diverse, is limited in size. The non-monotonic difficulty effects and model-specific
prompting responses observed in our experiments may not generalize to larger or more
diverse requirement collections. Replication on larger benchmarks is necessary to confirm
the robustness of our findings.

Model version validity. All experiments were conducted on specific model versions
available at the time of the study. Given the rapid pace of LLM development, the ab-
solute performance figures and relative model rankings reported here may not hold for
future model releases. However, the qualitative findings regarding model-type differences,
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prompting sensitivity, and iterative refinement dynamics are likely to remain relevant as
general principles.

6. Conclusions and Future Work
6.1. Conclusions

This paper presented a preliminary empirical evaluation of large language model
capabilities for UML class diagram modeling, addressing four critical gaps in the existing
literature: the lack of systematic multi-model comparisons, the absence of principled
prompt engineering analysis, the uncharacterized effect of requirement complexity, and the
unexplored potential of iterative refinement.

We constructed a difficulty-stratified dataset of 30 UML class diagram exercises and
proposed an automated weighted evaluation metric operating across three structural
dimensions—classes (SC), relationships (SR), and attributes (SA). We evaluated six models
spanning general chat, reasoning-distilled, and thinking paradigms, across four prompting
strategies (S0–S3) of increasing guidance richness, and five iterative refinement paths of
increasing depth.

Our key findings are the following: (1) overall performance remains low across
all conditions, confirming the genuine difficulty of the task; (2) model type determines
both performance level and guidance responsiveness—general chat models lead in single-
round performance but operate near their ceiling, while thinking-oriented models have
latent capabilities better unlocked through structured guidance and iterative refinement;
(3) prompting strategy effectiveness is model-dependent: reasoning-distilled models per-
form best under minimal guidance (S0), as externally imposed structured prompts interfere
with their internalized reasoning processes, while other model types generally benefit from
richer guidance; (4) relationship modeling is the universal and persistent bottleneck—SR

consistently lags behind SC across all models, strategies, and difficulty levels, with near-
collapse observed for smaller reasoning-distilled models on hard exercises; (5) SA remains
near zero under all conditions, identifying attribute extraction as a fundamentally un-
solved problem; (6) iterative refinement benefits thinking-oriented models substantially
but yields limited or negative returns for general chat models, confirming that its value
is model-specific.

These research results collectively provide a detailed empirical basis for understanding
the capabilities of LLM in UML models, and offer operational guidelines for researchers
and practitioners who deploy these systems in actual software engineering processes.

6.2. Future Work

Our study opens several directions for future investigation:
Larger and more diverse datasets. Expanding the benchmark to hundreds of exercises

spanning more application domains, requirement styles, and UML complexity patterns
would enable finer-grained analysis of difficulty effects and strengthen the generalizability
of our findings. In particular, the non-monotonic difficulty response observed in our
30-exercise dataset warrants investigation at larger scale.

Targeted relationship modeling interventions. Given that SR is the universal bottleneck
across all models and conditions, future work should develop and evaluate prompting
strategies, fine-tuning approaches, and evaluation metrics specifically targeting relationship
identification and typing. Relationship-focused chain-of-thought templates, contrastive
examples highlighting relationship type distinctions, and relationship-specialized fine-
tuning datasets represent promising directions.

Attribute extraction mechanisms. The near-zero SA scores observed across all experi-
mental conditions indicate that attribute extraction requires fundamentally different mech-
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anisms from class and relationship modeling. Future work should investigate attribute-
focused prompting, multi-stage generation pipelines that address attributes as a separate
post-processing step, and specialized evaluation metrics for attribute completeness.

Fine-tuning for UML modeling. Investigating whether fine-tuning open-source mod-
els on UML-specific datasets can close the performance gap with general chat models and
address the specific weaknesses identified in our study—particularly relationship mod-
eling and attribute extraction—represents a high-value research direction with practical
deployment implications.

Multi-diagram consistency and other UML types. Extending the study to other UML
diagram types (sequence diagrams, use case diagrams, activity diagrams) and investigating
cross-diagram consistency would address a broader range of software modeling tasks and
enable more comprehensive assessment of LLM-based model-driven engineering capabilities.
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Appendix A. Prompting Strategy
Appendix A.1. S0 Prompting Strategy

You are a UML class diagram teacher with extensive experience in teaching PlantUML
code generation. Please complete the UML class diagram generation task. The specific
requirements are as follows:

User requirement: (user_requirement)
Core guiding prompt: Your task is to generate the corresponding UML class diagram

based on the provided natural language requirements. There are no other additional
requirements. Just complete it according to the output requirements.

Output Requirements:
1. Generate a UML class diagram that complies with engineering standards, clearly

marking all classes, relationships between classes, and the attributes and methods of
each class.

2. Output in PlantUML code format (The PlantUML code without markdown formatting).

Appendix A.2. S1 Prompting Strategy

You are a UML class diagram teacher with extensive experience in teaching PlantUML
code generation. Please complete the UML class diagram generation task. The specific
requirements are as follows:

User requirement: (user_requirement)
Core guiding prompt: Your task is to generate a UML class diagram that complies with

the **UML 2.5 standard**, strictly following the professional norms of UML class diagrams:
1. Accurately identify all the classes in the user requirements, and distinguish the

attributes and methods of each class.
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2. Precisely determine the types of relationships between classes, using only the UML
standard relationships: association, inheritance, aggregation, composition, and dependency.
Non-standard relationship expressions are prohibited.

3. Mark the degree of inter-class relationships according to the UML specification,
and ensure that the degree is consistent with the business logic.

Output Requirements:
1. Generate a UML class diagram that complies with engineering standards, clearly

marking all classes, relationships between classes, and the attributes and methods of
each class.

2. Output in PlantUML code format (The PlantUML code without markdown formatting).

Appendix A.3. S2 Prompting Strategy

You are a UML class diagram teacher with extensive experience in teaching PlantUML
code generation. Please complete the UML class diagram generation task. The specific
requirements are as follows:

User requirement: (user_requirement)
Core guiding prompt: Your task is to generate a UML class diagram that complies

with the **UML 2.5 standard** based on the provided natural language requirements. You
must strictly follow the professional norms of UML class diagrams and follow the **fixed
steps for modeling** to ensure a logical and rigorous process:

Step 1: Extract all the classes from the user requirements, eliminate redundant concepts,
and clearly define the attributes and methods of each class;

Step 2: Analyze the business relationships between each pair of classes, accurately deter-
mine the relationship type (association/inheritance/aggregation/composition/dependency),
and mark the corresponding multiplicity;

Step 3: Verify the compatibility of classes and relationships, ensuring that there are
no missing classes, no incorrect relationships, and that the multiplicity and business logic
are consistent.

Step 4: Integrate all classes and relationships according to UML standards to create a
complete class diagram.

Output Requirements:
1. Generate a UML class diagram that complies with engineering standards, clearly

marking all classes, relationships between classes, and the attributes and methods of
each class.

2. Output in PlantUML code format (The PlantUML code without markdown formatting).

Appendix A.4. S3 Prompting Strategy

You are a UML class diagram teacher with extensive experience in teaching PlantUML
code generation. Please complete the UML class diagram generation task. The specific
requirements are as follows:

User requirement: (user_requirement)
Core guiding prompt: Your task is to create a UML class diagram that adheres to

the **UML 2.5 standard** based on the provided natural language requirements. You
must strictly follow the professional norms of UML class diagrams, break down the mod-
eling process in a fixed sequence, and complete the self-check and error correction after
generation to ensure that the result has no low-level errors:

Step 1: Extract all the core classes from the requirements, eliminate redundant concepts,
and clearly define the core attributes and methods of each class;

https://doi.org/10.3390/app16136540

https://doi.org/10.3390/app16136540


Appl. Sci. 2026, 16, 6540 26 of 28

Step 2: Analyze the business relationships between each pair of classes, accurately deter-
mine the relationship type (association/inheritance/aggregation/composition/dependency),
and mark the corresponding multiplicity;

Step 3: Verify the compatibility of classes and relationships, ensuring that there are
no missing classes, no incorrect relationships, and that the multiplicity and business logic
are consistent.

Step 4: Integrate all classes and relationships according to UML standards to create a
preliminary class diagram;

Step 5: Self-check and correct errors. The key points to check are: (1) Whether the core
classes/relationship/attributes/methods are missing; (2) Whether the relationship types
are marked incorrectly; (3) Whether the multiplicity is in contradiction with the business
logic; (4) Whether it conforms to the PlantUML format specification; (5) Whether there are
redundant classes/relationships. After correcting all the identified errors, please output
the final class diagram.

Output Requirements:
1. Generate a UML class diagram that complies with engineering standards, clearly

marking all classes, relationships between classes, and the attributes and methods of
each class.

2. Output in PlantUML code format (The PlantUML code without markdown formatting).
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