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Abstract
Background. Generating behavioral models like state transition diagrams from natural language
requirements presents challenges in requirements analysis and design. Traditional NLP and ML
methods struggle to maintain the correct execution flow and structural consistency. Recent ad-
vances in LLMs offer new opportunities, though their effectiveness in generating behavioral models,
particularly concerning prompting, retrieval, and repair strategies, remains largely unexamined.

Aims. This paper evaluates how LLM-based generation strategies (zero-shot, one-shot, few-shot,
RAG) affect state transition diagram quality (correctness, completeness, understandability, termino-
logical alignment) and whether iterative repair improves validity.

Method. We built a dataset of 80 requirement–diagram pairs from software engineering textbooks.
We generated PlantUML code for each requirement using four prompting strategies across four
open-source LLMs. To isolate the effect of different knowledge sources, we conducted a RAG analysis
study comparing four retrieval corpus configurations (full, examples-only, rules-only, theory-only).
We also assessed an iterative repair workflow using automated evaluation. We evaluated syntactic
validity via PlantUML validation and structural validity via rule-based analysis, supplementing
with human evaluation of quality dimensions. We produced 1,169 PlantUML outputs, of which 120
validated outputs were manually evaluated.

Results. Few-shot prompting improved syntactic validity from 28.7% to 93.5% on average over
zero-shot. Iterative repair significantly improved structural validity, especially for DeepSeek (from
22.2% to 88.9%), with most repairs succeeding within two iterations. Human evaluation showed
understandability was rated higher than correctness, indicating a quality-perception gap.

Conclusions. We recommend few-shot prompting with iterative repair for AI-assisted behavioral
modeling. Our findings reveal critical trade-offs: retrieval improves syntax but risks hallucination,
model architecture matters more than strategy, and automated validation cannot substitute for
human correctness assessment. This is the first empirical study systematically evaluating prompting,
retrieval, and repair in LLM-based UML state transition diagram generation from natural language.
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1 Introduction

Requirements engineering bridges stakeholder aspirations and technical software implementa-
tion by relying primarily on natural language requirements, which remain widely used due
to their flexibility and accessibility for non-technical stakeholders [47]. However, natural
language often introduces lexical, syntactic, and semantic ambiguities [43], necessitating
rigorous requirements analysis and modeling. Graphical modeling languages like the Unified
Modeling Language (UML) [38] provide structured representations of system behavior [32].
UML diagrams are categorized into structural models and behavioral models [1, 45]. Among
behavioral models, state transition diagrams are crucial for modeling discrete system states
and event-driven transitions. These diagrams are essential in safety-critical applications, such
as healthcare, financial processing, embedded systems, and robotics [39], where state logic
errors can lead to significant failures. Yet, constructing these diagrams manually is labor-
intensive and error-prone, as analysts must infer states, transitions, and guards implicitly
embedded in text – a task more challenging than automating structural models [10]. Previous
automation attempts, using Natural Language Processing (NLP) or machine learning (ML),
failed to achieve the necessary contextual reasoning for global model consistency [61].

Recent advances in large language models (LLMs) enable automation in behavioral soft-
ware modeling through their ability to process long inputs and capture semantic relationships
across requirements [4]. Studies show LLMs effectively support software engineering tasks
like code generation and requirements analysis [31, 50, 53, 52, 15, 11, 6, 46, 57]. However,
most research has focused on structural UML models, leaving the generation of behavioral
models, particularly UML state transition diagrams, underexplored [26, 60].

Behavioral diagrams must preserve global execution semantics [9], including state reachab-
ility, transition consistency, branching behavior, and lifecycle correctness [25] across the entire
model. Consequently, the challenge lies in not just generating valid diagrams but ensuring
they are structurally consistent, behaviorally correct, and comprehensible to practitioners. In
practice, generated diagrams often require verification and refinement, making the reliability
of AI-assisted modeling contingent on the LLM and the surrounding workflow, which includes
prompting strategies, retrieval support, automated validation, and iterative repair. Our study
examines how different AI-assisted generation workflows affect the reliability of synthesizing
UML state transition diagrams from natural language requirements.

In this paper, we present a dataset and an empirical framework to systematically evaluate
LLM-based generation of UML state transition diagrams from natural language requirements.
The dataset consists of curated requirement–diagram pairs derived from software engineering
textbook sources, including structured requirements and corresponding PlantUML [40]
representations. We evaluate multiple open-source LLMs (Meta-Llama-3.1-8B-Instruct [22],
DeepSeek-R1-Distill-Qwen-14B [23], Mistral-7B-Instruct [30], and Qwen2.5-7B-Instruct [58]),
chosen for their use in recent literature [12, 56, 62], across generation strategies, including
structured prompting [55], Retrieval-Augmented Generation (RAG), and an iterative repair
workflow for iterative refinement. We introduce diagram-specific metrics such as syntax
validity (PlantUML validation), structural validity (rule-based analysis of the diagram
detecting orphan states, unreachable states, invalid transitions, etc.), and quality evaluation
through human evaluation (correctness, completeness, understandability, and terminological
alignment), which enables assessment of the diagrams and workflow. This study investigates
the behavior of LLMs in software modeling tasks. While LLMs can generate diagrams
from requirements, the impact of different prompting and retrieval strategies on structural
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correctness and reliability is unclear. Generating valid state transition diagrams requires
identifying states and transitions while ensuring global properties like reachability and
consistency. To investigate the effect of generation strategies on structural correctness, we
first ask:

RQ1: How do LLM-based generation strategies (zero-shot, one-shot, few-shot, RAG) impact
the validity (syntactic and structural) of state transition diagrams?

Recent studies suggest that RAG may improve LLM performance by incorporating relevant
contextual information; however, its effectiveness in structured diagram generation remains
underexplored [54, 18]. To evaluate its impact, we analyze how retrieval augmentation
influences syntactic validity and structural validity across different retrieval knowledge-base
configurations, including requirement-diagram examples, PlantUML syntax documentation,
and theoretical resources on UML state transition diagrams:

RQ2: How do different retrieval knowledge base configurations in RAG affect the validity of
state transition diagrams?

To explore how repair mechanisms can improve state transition diagrams, we ask,

RQ3: How effective are iterative repair workflows in improving the syntactic and structural
validity of state transition diagrams?

Beyond structural and syntactic validity, it is important to assess whether generated
diagrams accurately represent the intended system behavior and remain understandable to
human practitioners. Since the practical usefulness of behavioral models ultimately depends
on human interpretation and evaluation, we assess the behavioral quality of generated
diagrams through human evaluation across multiple quality dimensions:

RQ4: To what extent do UML state transition diagrams generated using different LLM-based
strategies satisfy quality dimensions (correctness, completeness, understandability, and
terminological alignment)?

The contributions of this work are: (1) a benchmark dataset of 80 requirement–state
transition diagram pairs; (2) novel automated metrics for structural validity via rule-based
graph analysis; (3) a systematic comparison of prompting, retrieval, and repair strategies
for enabling LLMs to function as software modeling assistants; and (4) a human evaluation
framework assessing quality dimensions.

2 Background and Related Work

2.1 Rule-Based and Symbolic NLP Approaches
Early automated software architectural model derivations utilized symbolic NLP techniques
like part-of-speech tagging and syntax parsing [59]. ArchE [3] was an early system using
predefined architectural reasoning rules for software design. Similarly, frameworks like aTou-
can [59] applied handcrafted linguistic patterns to extract entities and actions from use case
models, mapping them to UML elements. Jahan et al. [28] enhanced rule-based approaches
with heuristic mappings for generating sequence diagrams from textual requirements. While
effective for structured requirements, these approaches were difficult to generalize across
domains. Rule-based systems struggled to capture implicit behavioral dependencies and
global execution semantics needed for modeling behaviors in UML state transition dia-
grams [59, 28, 29]. Consequently, symbolic approaches remained limited to requirement
extraction tasks and structural UML models.
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2.2 Machine Learning for Software Architectural Model Extraction

Later work reframed software model extraction as an ML problem using classification and
sequence-labeling techniques [29], which utilized lexical, syntactic, and semantic features to
identify software entities and relationships from natural language requirements. However,
traditional ML approaches were constrained by the limited availability of large annotated
datasets in software engineering [29]. Also, classical ML models often lacked the contextual
reasoning capabilities required to preserve behavioral consistency across an entire state
transition diagram [29, 37]. Consequently, most prior work focused on extracting structural
relationships rather than generating behaviorally consistent UML models.

2.3 LLMs in Requirements Engineering and UML Modeling

LLMs have transformed requirements engineering by enabling complex reasoning without
extensive manual feature engineering [16, 51]. Studies show LLMs assist in ambiguity
detection, requirement refinement, and information extraction from Software Requirements
Specifications (SRS) [34]. Frameworks like REQINONE [62] and ReqBrain [24] demonstrate
LLMs can convert natural language requirements into structured representations, enhancing
clarity and completeness through task-specific tuning. Research also focuses on UML model
generation, particularly for structural artifacts like class diagrams [16, 51, 8]. LLMs generally
produce higher-quality diagrams when relationships are clearly described [28, 29, 16, 56].
Various approaches aim to enhance AI-assisted software modeling workflows. Cervantes et al.
[7] integrate the Attribute-Driven Design (ADD) into LLM interactions for better alignment
with expert architectural solutions. Multi-agent systems like NOMAD [19] decompose UML
class diagram generation into specialized subtasks for improved modularity. Other studies
propose hybrid workflows combining LLM generation with static analysis and verification tools
for increased reliability [27]. Despite these advancements, limitations persist. Most studies
focus on structural models, leaving behavioral model generation underexplored [16, 51, 8, 12].
Generated diagrams are often evaluated through subjective inspection or syntax correctness,
with limited attention to behavioral consistency [51, 37, 27]. Many approaches still rely
heavily on manual refinement and expert intervention [51, 34, 7]. Lastly, prior studies
lack standardized empirical evaluation frameworks for systematically comparing prompting,
retrieval, and repair workflows [29, 16, 51, 12].

2.4 Motivation

Existing research shows the potential of LLMs for requirements engineering and structural
model generation [16, 51, 62, 24]. However, important gaps remain for behavioral modeling
tasks. Prior work focuses on structural UML artifacts like class diagrams [16, 51, 8, 12],
whereas behavioral models demand global execution semantics and behavioral consistency
across the entire diagram [37, 27]. Moreover, existing approaches rely on manual refine-
ment [51, 34, 7], offer limited automated validation [51, 49, 27], and lack standardized
empirical evaluation frameworks for AI-assisted modeling workflows [29, 16, 51, 12]. Ad-
ditionally, past evaluations treat diagram generation in isolation, rather than as part of a
comprehensive software engineering workflow [27, 12], which limits understanding of how
workflow components affect the AI-assisted behavioral modeling validity. Motivated by these
limitations, this study systematically evaluates prompting strategies, retrieval augmentation,
validation-aware repair workflows, and automated and quality evaluation for UML state
transition diagram generation from natural language requirements.
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3 Methodology

We conducted an empirical study to evaluate LLM capability in generating state transition
diagrams from natural language requirements. First, we created a ground-truth dataset
of requirement-diagram pairs from the literature. Then, we generated diagrams from the
requirements using three strategies: prompting, retrieval, and repair. Finally, we evaluated
the generated diagrams using automated and human evaluation metrics.

3.1 Dataset Preparation
To the best of our knowledge, no existing dataset with requirement-diagram pairs was
available as ground truth for state transition diagram generation. Therefore, we construc-
ted a benchmark dataset from 12 software engineering textbooks and UML instructional
materials [48, 44, 41, 33, 47, 35, 38, 2, 21, 20, 17, 5]. Textbooks were chosen because they:
(A) provide curated examples of system behavior reflecting standard modeling practices;
(B) feature clear behavioral logic, essential for reliable ground truth; and (C) are publicly
accessible and reproducible, aligning with empirical software engineering standards.

Figure 1 Behavioral Modeling Dataset Construction Workflow.

For each data point, we extracted the state transition diagram in PNG format and its
corresponding natural language requirements in txt format (Figs. 1-A, 1-B). However, many
natural language requirements were incomplete or absent, with only diagrams provided in
the books. We addressed this inconsistency by updating the requirements to align with
the diagrams (Fig. 1-C). In case of absent requirements, we manually reconstructed the
requirements from the diagram. In case a diagram introduced states or transitions not
present in the requirements, we added the missing requirements. To mitigate bias during
manual reconstruction, we enforced two measures: (1) independent dual review – a second
researcher independently verified each reconstructed requirement–diagram pair; and (2)
consensus resolution – disagreements were resolved through discussion. These steps ensured
that reconstructions were driven by diagram evidence rather than subjective assumptions.

After aligning the requirements with the diagrams, we standardized the requirements
text of each diagram into a structured requirements format (Fig. 1-D). We represented each
requirements text as a list of individual requirements so that it is easier and clearer for the
LLM to understand when used in prompts. Finally, we generated a corresponding diagram
file in PlantUML [40] format (Fig. 1-E). We used PlantUML because its text-based format
supports automated syntactic checks, reproducible rendering, and use in software engineering
workflows [36]. Each diagram was verified for syntax through PlantUML code compilation
and assessed for correctness against the requirements.

Each final data point consists of five artifacts: raw requirements text (unstructured natural
language), aligned requirements text (used when requirements were missing or incomplete),
structured requirements text (requirements in a standardized list format), book diagram (dia-
gram in PNG format from the textbook), and PlantUML code (ground truth state transition
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diagram in textual UML format). The final dataset contains 80 requirement-diagram pairs.
All five artifacts for each case are provided in the companion repository [14]. By addressing
data incompleteness, enforcing semantic alignment, and standardizing requirements and
diagram representations, our dataset construction process supports reproducible and con-
sistent evaluation of LLM-based state transition diagram generation, following empirical
principles of software engineering [42]. We maintained multiple artifact representations to
ensure traceability and flexibility for future research.

To map diagrams with varying complexity, we stratified data points by the number of
states. Based on the empirical distribution (25th percentile = 6 states, 75th percentile =
14 states), we established three categories: Simple (≤ 6 states), Medium (7–14 states),
and Complex (> 14 states). This stratification informed few-shot example selection and
facilitated performance analysis. The corpus, spanning diverse domains like ATM/banking,
healthcare, and business workflows, includes complex behavioral constructs. Across 80
cases, diagrams frequently exhibit choice nodes, self-transitions, negative/exception guards,
temporal triggers, composite states, and entry/do/exit actions.

3.2 Diagram Generation Using Different Prompting Strategies
For our empirical exploration of state transition diagram generation, we used four open-source
LLMs: Meta-Llama-3.1-8B-Instruct [22], DeepSeek-R1-Distill-Qwen-14B [23], Mistral-7B-
Instruct [30], and Qwen2.5-7B-Instruct [58]. These models were chosen for their recent use
in software engineering literature [12, 56, 62] and their availability for reproducible research.
All generations used a temperature of 0.2, top-p of 0.9, and a maximum of 1,024 output
tokens per call, with a 300-second timeout. Models were hosted locally via Ollama. All
models used Q4_K_M quantization. From the dataset, we randomly selected 27 data points
as the test dataset, using the remaining 53 for prompting and retrieval. For each requirement
in the test dataset, we generated PlantUML code using three prompting strategies:

Zero-shot: Only structured requirements text and task instructions were provided.
One-shot: Structured requirements text, task instructions, and one requirement-diagram
example (outside the test dataset) were provided.
Few-shot: Structured requirements text, task instructions, and three examples (one
from each complexity category: simple, medium, and complex) were provided.

Figure 2 RAG Construction Workflow: retrieval corpus construction, vector database indexing,
semantic retrieval, and prompt augmentation.

Diagram Generation Using RAG
In addition to different prompting strategies, we explored RAG’s capability for state transition
diagram generation. Our RAG pipeline, illustrated in Figure 2, enhances prompts with
dynamically retrieved contextual information from a retrieval corpus (Fig. 2-B). This
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corpus includes: (1) 53 requirement-diagram pairs outside the test dataset, (2) PlantUML
documentation, and (3) theoretical resources on UML state transition diagrams. We used
ChromaDB with its default all-MiniLM-L6-v2 embedding model and squared L2 distance.
Retrieval was source-aware, using up to two rule documents, two theory documents, and
three dataset examples. All documents were indexed in a vector database using semantic
embeddings (Fig. 2-C). The system performs semantic vector retrieval over these indexed
documents (Fig. 2-D), returning the top-ranked supporting documents.

The prompt is constructed using the retrieved supporting documents and the target
structured requirements text (Fig. 2-E). Finally, the LLM generates the corresponding
PlantUML code for the state transition diagram (Fig. 2-F). The construction details of the
retrieval corpus, including document sources and document-level indexing, are documented
in the artifact repository [14]. To isolate the contribution of each knowledge source in the
retrieval corpus, we conducted an analysis with four RAG configurations: (1) full corpus, (2)
examples only, (3) rules only, and (4) theory only. This allowed us to assess how different
retrieval knowledge sources affect diagram generation performance.

3.3 Diagram Evaluation
Evaluating the quality of generated UML state transition diagrams is inherently multi-faceted.
Some aspects can be assessed automatically, such as syntactic validity, which checks whether
the PlantUML code follows the language grammar, and structural validity, which checks
whether the diagram follows UML state transition diagram rules. However, other aspects
require human judgment, such as whether the diagram correctly captures the intended
behavior, is complete with respect to the requirements, is understandable to a human,
and uses terminology consistently with the requirements. Therefore, we used a two-stage
evaluation process. First, we performed automated evaluation of syntactic and structural
validity for every generated diagram. Then, we conducted human evaluation on a subset
of diagrams that passed both automated stages. For human evaluation, we used quality
dimensions used by other researchers for UML diagram evaluation [56, 36].

3.3.1 Automated Evaluation
Automated evaluation consists of two stages: syntactic validity and structural validity.

Both stages were applied to every generated PlantUML diagram before human assessment.
Syntactic validity was assessed using the PlantUML command-line tool with the plantuml
-checkonly flag. If the code is correct, it completes without errors; if there are violations,
the tool reports them. A diagram is syntactically valid only if no errors are reported.

Diagrams that pass this check are evaluated for structural validity using our rule-based
graph analyzer. First, the PlantUML code is normalized by removing markdown fences and
extracting the @startuml ... @enduml block to retain only the diagram code. This normalized
code is parsed into a graph representation, capturing states, transitions, starting points,
ending states, and special elements. The analyzer stores each state and records transitions,
along with source states, destination states, and transition labels or conditions. It also tracks
the initial state, final states, and special elements like choice, fork, join, and history states.

The rule-based graph analyzer checks the graph against the structural rules in Table 1,
each implemented as a deterministic check. A diagram passes structural validity only if all
rules are satisfied; otherwise, the specific violation types are recorded.

The row (parse_warning) captures syntactically valid PlantUML code with ambiguities or
non-standard constructs that hinder reliable graph extraction. The rule-based graph analyzer,
detailed in the artifact repository [14], implements rules in Table 1. These rules operationalize
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key well-formedness constraints from the UML state-machine specification [38], including
requirements for a single initial state, state reachability, and correct pseudostate usage (choice,
fork, join). Checks for missing final states and orphan states are also included as practical
quality heuristics to catch common LLM omissions and ensure minimal completeness.

Table 1 Structural validity rules, implementation checks, and violation types.

Rule Implementation check Violation type(s)
Exactly 1 initial state initial_targets has length exactly 1. missing initial state; mul-

tiple initial states
At least 1 final state final_states is not empty. missing final state
No duplicate
transitions

len(transitions) equals len(set(transitions)). duplicate transitions

No unreachable states DFS from initial state; all states visited. unreachable states
No orphan states Every declared state has incoming or out-

going transitions.
orphan states detected

Choice node has outgo-
ing transitions

If ⟨⟨choice⟩⟩, at least one outgoing trans-
ition exists.

choice node without out-
going transitions

Choice node outgoing
transitions are guarded

Each outgoing transition from a choice node
has a label starting with [.

choice node without
guarded outgoing trans-
itions

Fork node has ≥ 2 out-
going branches

If ⟨⟨fork⟩⟩, outgoing_count ≥ 2. fork without multiple out-
going branches

Join node has ≥ 2 in-
coming branches

If ⟨⟨join⟩⟩, incoming_count ≥ 2. join without multiple in-
coming branches

History state used with
composite state

If [H] or [H∗] appears, a composite state
must exist.

history state used
without composite state

Valid graph extraction Graph extraction completes without parser-
level warnings.

parse warning

3.3.2 Human Evaluation
Diagrams that passed both syntactic and structural validation were further assessed through
human evaluation. Each selected diagram was independently evaluated by two evaluators
with prior academic or industry experience in UML state transition diagrams and software
requirements modeling. The evaluators assessed the diagrams using four quality dimensions,
following established practices for evaluating generated UML models [56, 36]: Completeness
(all required states, transitions, events, guards, and initial/final states described in the
requirements are present), Correctness (diagram’s behavior aligns with the intended system
behavior in the requirements, without contradictions or invalid flows), Understandability
(diagram is clear, readable, and free from unnecessary complexity or redundant elements), and
Terminological Alignment (consistency of state names, transition labels, and behavioral
terminology with requirements text is a key indicator for hallucination [36]).

Both evaluators independently rated each criterion using a 5-point Likert scale (1 = very
poor, 5 = excellent). Inter-rater agreement was measured using Cohen’s Kappa coefficient
(κ). Unlike purely syntactic or structural evaluations, state transition diagram modeling
is a subjective modeling task. Multiple valid models can satisfy the same requirements
because of differences in abstraction level, state granularity, error handling strategies, or
modeling patterns. Therefore, a κ value above 0.41, indicating moderate agreement, was
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considered acceptable. For correctness, moderate agreement is appropriate as evaluators may
legitimately disagree on whether an omission is an error or a deliberate choice. In cases of
lower agreement (κ ≤ 0.41) or a Likert scale difference of two or more points, evaluators
discussed the diagram to reach a consensus score. The evaluation form and scoring guidelines
are provided as “Evaluation Form” in the companion repository [14].

3.4 Iterative Repair Workflow
To improve the syntactic and structural validity of generated diagrams, we explored an
iterative repair workflow. This workflow was applied using the strongest initial strategy
for each LLM, i.e., the strategy that produced the highest number of syntactically and
structurally valid diagrams during the initial automated evaluation (see Section 4 for the
per-LLM ranking). For each selected strategy, only diagrams from the test dataset that
failed automated evaluation entered the iterative repair workflow. The repair process follows
the looping mechanism illustrated in Figure 3:

Figure 3 Validation-aware iterative repair workflow.

Evaluation and Issue Collection. The candidate PlantUML diagram is checked using
automated evaluation. This includes syntactic validity checking with plantuml -checkonly
and structural validity checking using the rule-based graph analyzer described in Section 3.3.1.
All detected issues, including syntactic error messages and structural violation types from
Table 1, are collected into a list.

LLM Repair. The same LLM used for generation receives a repair prompt with instructions
and identified issues, then generates new PlantUML code.

Re-evaluation and Acceptance. The repaired output is normalized and re-evaluated for
syntactic and structural validity. If it reduces the recorded validation issues, it replaces the
current candidate. Otherwise, the previous version is retained.

Iteration. The repair loop is repeated while validity issues remain or repair attempts are
still available. The loop stops when the diagram passes all checks or the maximum repair
attempt limit is reached.
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Final Output. After the repair loop ends, the best accepted version is saved as the final
diagram. This is either the first version that passes all checks or the version with the fewest
validity violations.

The repair instruction is deliberately conservative: modify only necessary lines, avoid
redesigning the diagram, and refrain from adding unsupported states or transitions. This
prevents the LLM from hallucinating large behavioral changes while still allowing targeted
corrections. The effectiveness of this workflow is evaluated by comparing the automated and
human evaluation scores of the repaired diagrams against their initial counterparts. Results
are presented in Section 4. The full repair workflow configuration, including prompt, iteration
logging, and acceptance criteria, is available in the artifact repository [14].

4 Results & Discussion

4.1 RQ1: Impact of Prompting Strategies on Validity
For RQ1, we have evaluated the validity of diagrams generated using zero-shot, one-shot,
few-shot, and RAG. Table 2 reports syntactic and structural validity across these strategies.

Finding 1: PlantUML examples provide essential guidance for syntactic validity. Zero-
shot prompting yields low syntactic validity (lowest–Mistral 3.7%, highest–DeepSeek 59.26
%). Adding an example (one-shot) drastically (58% on average) improves syntactic validity
for most models (lowest - Qwen 74.07%, highest - Llama 96.3 %), and few-shot further
consolidates this gain by 6.5% on average (lowest - DeepSeek 88.9%, highest - Qwen 96.3%).
This shows that LLMs learn the basic syntax of PlantUML (keywords, arrows, brackets)
effectively even from a few examples (Table 2, Figure 4a).

Table 2 Automatic and Human Evaluation Results Across Prompting Strategies and Models
(Llama as LM, Mistral as MT, DeepSeek as DS, Qwen as Qwn).

Evaluation
Type Metric Zero-shot One-shot Few-shot RAG

LM MT DS Qwn LM MT DS Qwn LM MT DS Qwn LM MT DS Qwn

Automatic Syntactic 29.6% 3.7% 59.3% 22.2% 96.3% 85.2% 92.6% 74.1% 92.6% 96.3% 88.9% 96.3% 100% 74.1% 85.2% 100%
Structural 0% 0% 0% 0% 18.5% 3.7% 11.1% 3.7% 29.6% 7.4% 22.2% 11.1% 22.2% 14.8% 14.8% 14.8%

Human

Complete – – – – 4 5 4 3.5 3 4 4 4 3 4.5 4.5 3
Correct – – – – 4 4.5 3.5 2.5 3 4 4 4 3 4 4.5 3.5

Understandability – – – – 5 4.5 3.5 2.5 5 4.5 5 5 4.5 5 5 4.5
Term. alignment – – – – 5 3.5 4 3 5 4.5 5 5 4.5 4 5 3.5

Finding 2: Structural validity remains low across all prompting strategies. Even with
few-shot or RAG, structural validity never exceeds 29.6% (Llama few-shot). The dominant
violation types are missing final states, missing initial states, multiple initial states, and
unreachable states (see Table 3). This means the failures are not random; they are systematic
omissions of required elements. Consequently, passing syntactic checks gives false confidence;
a diagram can be valid PlantUML yet still be structurally invalid.

Finding 3: Few violation types repeated across many invalid diagrams. Across all models,
the mean number of structural violations per diagram is low. Yet the same violation types
(e.g., missing final state) appear repeatedly, suggesting that LLMs nearly understand the
rules but consistently miss a few critical elements. Figure 4b shows the average violation
counts per model and strategy.
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(a) Syntactic validity rates. (b) Average violation counts.

Figure 4 Syntactic validity rates across prompting strategies (Figure 4a), and average structural
violation counts per diagram (Figure 4b).

Table 3 Counts of structural violations by model and prompting strategy (Z=zero-shot, O=one-
shot, F=few-shot, R=RAG). Models: L=Llama, M=Mistral, D=DeepSeek, Q=Qwen.

Violation Llama Mistral DeepSeek Qwen
Z O F R Z O F R Z O F R Z O F R

missing final state 25 10 12 9 27 16 16 11 27 21 16 17 27 18 13 10
orphan states 30 8 6 0 36 22 18 16 16 4 2 14 52 22 6 4
unreachable states 14 26 20 12 0 28 24 6 0 6 2 6 0 40 34 10
invalid choice node 3 105 3 – 0 16 2 5 0 0 3 3 0 9 1 1
missing initial state 8 2 2 0 27 2 3 4 27 13 8 7 27 1 0 0
syntactic error 19 1 2 0 26 4 1 7 11 2 3 4 21 7 1 0
invalid choice guards 0 9 7 10 0 12 4 7 0 1 3 10 0 27 1 1
multiple initial states 6 3 2 6 0 4 3 10 0 5 0 7 0 4 2 13
duplicate transitions 6 1 3 3 0 1 2 2 0 1 2 1 0 3 3 5

RQ1 Takeaway: Examples help syntax but not structure. Structural validity stagnates
at around 30%, with missing initial/final states as the dominant, recurring errors. As
a result, syntax check alone is insufficient for reliability.

4.2 RQ2: Retrieval Corpus Analysis – Which Retrieval Source Helps?
To understand how different document sources in the retrieval corpus affect diagram validity,
we evaluated RAG using three separate settings: examples only, rules only, and theory only.
Table 4 shows structural validity for the RAG configurations; the full-corpus results are
shown in Table 2.

Finding 4: RAG is not uniformly reliable; different sources work best for different models.
For instruction-tuned models (Llama, Qwen), rules-only RAG is most effective (Llama 42.9%,
Qwen 50.0%). For Mistral, full RAG (examples + rules + theory) gives the best result
(14.8%), while examples-only (4.2%) and rules-only (5.6%) perform poorly. Theory-only
RAG is uniformly ineffective (0–5% structural validity). Thus, retrieval corpus design must
be model-aware. No single configuration works best for all LLMs.

We identified a failure case demonstrating the unreliability of examples-only RAG. A
human evaluator noted that “requirements 3–6 are missing but adding new things.” The
retrieved example was textually similar but behaviorally different from the target requirement.
The generated diagram omitted required states and transitions from the target case and
included added ones from the retrieved example, indicating a retrieval-induced hallucination
where the model borrowed unsupported behavior from a relevant but different example.
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RQ2 Takeaway: Reliability of retrieval document source depends on the model.
Rules-only helps instruction-tuned models, whereas theory-only performs very poorly.
Practitioners must tailor retrieval to the target LLM.

Table 4 Evaluation Results for RAG Corpus Analysis Settings (Llama as LM, Mistral as MT,
DeepSeek as DS, Qwen as Qwn).

Evaluation
Type Metric RAG (Only Rules) RAG (Only Examples) RAG (Only Theory)

LM MT DS Qwn LM MT DS Qwn LM MT DS Qwn

Automatic Syntactic 77.8% 66.7% 81.5% 81.5% 96.3% 88.9% 74.1% 92.6% 88.9% 25.9% 63.0% 81.5%
Structural 42.9% 5.6% 18.2% 50.0% 15.4% 4.2% 10.0% 12.0% 4.2% 0% 0% 4.6%

Human

Complete 5 2 4.5 4 3.5 5 5 5 5 – – 5
Correct 4 2 4.5 4 3 3 5 4 3 – – 5
Understandability 5 3 5 5 4.5 4 4.5 5 5 – – 5
Term. alignment 5 4 5 5 5 5 5 5 5 – – 5

4.3 RQ3: Effectiveness of Iterative Repair
To improve invalid diagrams, we explored how iterative repair may increase their structural
and syntactic validity. Table 6 presents structural validity outcomes after up to five repair
iterations. DeepSeek performed best among all models, achieving 88.89% structural validity
after repair, compared to its few-shot baseline of 22.2%. Llama, Qwen, and Mistral also
improved, but to a lesser extent (55.6%, 40.7%, and 29.6%, respectively).

Finding 5: More iterations do not always improve repair. Most successful repairs occurred
within the first two iterations. As shown in Figure 5, DeepSeek made 11 diagrams valid
after the first iteration, but only 2 after the fourth iteration. No additional diagram became
valid after the fifth iteration. Across all models, the number of newly repaired diagrams
drops sharply after the first two iterations. This demonstrates that repair yields limited
improvement beyond 2–3 iterations, and excessive repair attempts are not productive.

Figure 5 Repair success per iteration. Most valid diagrams are obtained within the first two
iterations; later iterations contribute few or no improvements.

Finding 6: Repair is effective for diagrams with fewer issues but struggles with many
issues. Diagrams with multiple faults often require more iterations and rarely validate
after three attempts. We noted that when violations exceeded two, DeepSeek aggressively
attempted fixes, sometimes deleting states and transitions, which removed essential behavioral
elements. This indicates that while repairs can manage moderate complexity, overly aggressive
corrections may compromise completeness for structural validity.
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Finding 7: Repair success varies by violation type and model. Table 5 shows that
DeepSeek successfully fixes 100% of missing final states, missing initial states, duplicate
transitions, orphan states, and invalid choice guards, but fails to address unreachable states
(0%). Llama also achieves 100% for missing final states but struggles with other violations,
particularly invalid choice guards (0%) and duplicate transitions (0%). Mistral excels at
fixing duplicate transitions (100%) but has low success rates for missing final states (27.3%),
missing initial states (25.0%), and multiple initial states (20.0%). Qwen is strong on missing
final states (90.0%) but performs poorly on multiple initial states (15.4%) and cannot fix
invalid choice nodes or guards. These results indicate that some models, like DeepSeek, offer
broader repair capabilities, while others are more specialized or limited.

Table 5 Repair success rates per violation type (percentage of instances fixed).

Violation Type DeepSeek Llama Mistral Qwen
missing_final_state 100% (16/16) 100% (12/12) 27.3% (3/11) 90.0% (9/10)
missing_initial_state 100% (8/8) 50.0% (1/2) 25.0% (1/4) –
duplicate_transitions 100% (2/2) 0% (0/1) 100% (2/2) 60.0% (3/5)
orphan_states 100% (1/1) 66.7% (2/3) 25.0% (2/8) 50.0% (1/2)
unreachable_states 0% (0/1) 60.0% (6/10) 0% (0/3) 40.0% (2/5)
multiple_initial_states – 50.0% (1/2) 20.0% (2/10) 15.4% (2/13)
invalid_choice_node – 40.0% (2/5) 75.0% (3/4) 0% (0/1)
invalid_choice_guards 100% (1/1) 0% (0/1) 33.3% (1/3) 0% (0/1)

RQ3 Takeaway: Repair could not improve diagrams with a high number of issues,
even after many iterations. This suggests that repair should be used as a targeted
tool for small corrections, not as a brute-force method to rewrite entire diagrams.
DeepSeek’s reasoning capability made it the strongest repair performer. However,
even DeepSeek struggled when the initial diagram contained a high number of issues.

Table 6 Evaluation Results for Iterative Repair.

Evaluation
Type Metric Repair

Llama Mistral DeepSeek Qwen

Automatic Syntactic 96.30%, n=26 74.07%, n=20 92.59%, n=25 92.59%, n=25
Structural 55.56%, n=15 29.63%, n=8 88.89%, n=24 40.74%, n=11

Human

Completeness 4 4 4 4
Correctness 4 5 4 4
Understandability 5 5 5 3
Terminological
alignment 4 5 5 4

4.4 RQ4: Human Evaluation of Quality Dimensions
To evaluate the quality of valid generated diagrams, we collected human evaluation scores
for correctness, completeness, understandability, and terminological alignment.

Finding 8: Even incorrect diagrams can be understandable – a concerning disconnect. For
few-shot prompting, median understandability scores are 5 (excellent) for Llama, DeepSeek,
and Qwen, while correctness scores are only 3–4. LLMs produce visually clear, readable
diagrams (logical state names, clean layout) that look correct on the surface, but often miss
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critical behavior. Practitioners may be misled by these aesthetically pleasing but incorrect
diagrams. Consider the following real critique from our human evaluation of a microwave
oven state diagram:

“Some confusion regarding transitions... after “CheckExpiry”, we should notify the user, but
the diagram lacks this. The core user choice requirement is completely ignored ...; instead it
makes up “get amount”. No transition for when cooking finishes naturally ...”

This example shows that a diagram can be clear but still miss behavioral flows, overlook key
requirements, and include incorrect transitions. Such cases highlight a gap between perceived
and actual quality in LLM-generated state machines.

Finding 9: Few-shot prompting yields better behavioral quality than RAG. Despite RAG
achieving higher syntactic validity, human-rated correctness and completeness are consistently
higher for few-shot than for RAG. Fixed examples provide more reliable behavioral guidance
than retrieved examples, which can introduce irrelevant or misleading content.

RQ4 Takeaway: Few-shot prompting is more reliable than retrieval for diagram
quality. However, visually understandable diagrams may still be incorrect. This
indicates that LLM-based diagram generation requires careful human oversight.

4.5 Cross-RQ Findings
Finding 10: Syntactic validity is necessary but insufficient for behavioral modeling. A
diagram can be perfectly valid PlantUML (e.g., Llama RAG 100% syntax) yet fail all
structural rules (only 22% structural validity) (as shown in Table 2). Syntax checks give a
false sense of security.

Finding 11: Structural validity does not guarantee human-perceived correctness. We
observed cases where diagrams passed all structural rules, such as having a single initial state
and no unreachable states, but still received low human correctness scores (2–3) because
they missed critical transitions. This shows that automated validation alone is not sufficient
and must be supported by human oversight.

Figure 6 Baseline structural validity (best strategy) vs. final validity after repair. DeepSeek
shows the largest gain (22.2% → 88.9%); all models benefit substantially from iterative repair.
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Finding 12: Repair is the best technique – improves both automated and human
evaluation. DeepSeek achieved the highest repair success rate for structural validity (88.9%),
followed by Llama (55.6%), Qwen (40.7%), and Mistral (29.6%) (Figure 6). This success
is mainly due to targeted feedback: the LLM receives precise structural violation messages
(e.g., missing_final_state) and is instructed to modify only necessary lines. Importantly,
diagrams that passed structural validation after repair were also highly rated by human
evaluators across all quality dimensions, a trend consistent in both few-shot and RAG-based
repair settings. Fixing structural issues consequently improved the behavioral quality of
the diagrams. This suggests that automated repair success is a strong indicator of human-
perceived quality. Therefore, repair is not only the most effective strategy for structural
validity, but also the most trustworthy strategy for practical use.

Finding 13: Repair effectiveness is model-dependent. Models that struggle with initial
structural validity (Mistral, Qwen) also see lower repair success (29.6%, 40.7%) compared
to DeepSeek (88.9%). The repair loop cannot compensate for fundamental limitations in a
model’s ability to understand state transition diagram semantics.

4.6 Practical Recommendations for AI-Assisted Behavioral Modeling
Based on our findings, we provide three recommendations for practitioners using LLMs
for state transition diagram generation. (1) Prioritize few-shot prompting. Use 3–4
diverse examples (simple, medium, complex) that are structurally correct and domain-aligned.
Few-shot prompting improves semantic fidelity and reduces retrieval-induced hallucinations.
(2) Integrate iterative repair. Most diagrams (70–80%) will have structural violations.
Implement an automated repair loop with 2–3 iterations; additional iterations show dimin-
ishing returns. This significantly improves structural validity (e.g., DeepSeek from 22.2%
to 88.9%). (3) Incorporate human review for final assessment. Automated checks
alone cannot verify behavioral semantics or completeness. Use automated validation as a
filter, followed by domain expert review of a small subset to catch semantic mismatches.
Human review is mandatory for safety-critical systems.

In ambiguous industrial settings, adapt the workflow: (1) Pre-generation clarification:
Prompt the LLM to list open behavioral questions (e.g., missing error handlers) for analyst
resolution before generation. (2) Project-specific retrieval: Replace textbook examples
with the organization’s approved state machines and domain glossaries for consistency. (3)
Failure-as-feedback: If structural repair fails, use the violation log as a structured audit
checklist for stakeholders, rather than forcing the LLM to hallucinate missing behavior. This
redefines the LLM as a requirements auditor, not an autonomous generator.

4.7 Limitations and Future Work
Despite the comprehensive evaluation, several limitations remain. The dataset, while sys-
tematically constructed, consists of textbook examples that may not capture industrial
complexity (concurrency, timing constraints, hierarchical states). The repair loop was capped
at 5 iterations based on pilot experiments showing no improvements beyond this point, but
more iterations might benefit certain cases. Human evaluation, while rigorous, involved only
two evaluators; larger-scale validation with diverse practitioners would strengthen generaliza-
tion. Our findings are limited to the four open-source models evaluated (7B–14B parameters)
and may not generalize to larger, newer, or commercial models (e.g., GPT-4, Claude) that
possess greater reasoning capacity. Additionally, each configuration was executed once due
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to the combinatorial scale of our design (27 test cases × 4 models × 4 prompting strategies ×
4 RAG ablations + repair evaluations) and the cost of human assessment; LLM generation is
inherently non-deterministic, and output variability across runs remains uncharacterized.

Future work should explore: (a) hierarchical state transition diagrams and orthogonal
regions, which introduce additional validation complexity; (b) few-shot example selection
optimization (currently random, but semantic similarity-based selection may improve per-
formance); (c) using LLMs as judges to automate or augment human evaluation of diagram
quality; (d) providing structural rules themselves as part of the RAG context to assess
whether explicit rule injection improves structural validity; and (e) analyzing oscillation and
regression during repair – specifically, tracking per-iteration errors, fixes, and fix patterns to
understand why some models regress and how to design more stable repair prompts; and (f)
systematic characterization of output variability across multiple runs to assess whether our
findings hold stably and whether certain strategies yield more consistent outputs.

5 Threats to Validity

The research identifies several potential threats to the validity of the findings.
Construct validity: While PlantUML syntactic and structural validity offer a quantitative

measure of diagram correctness, they may not capture a diagram’s practical useful-
ness in development workflows. Human evaluation metrics (correctness, completeness,
understandability, terminology alignment) complement automated metrics for a more
comprehensive quality assessment.

Internal validity: The main internal threat is variability in LLM responses based on prompt
construction. A standardized prompt template was utilized for all experiments. The non-
deterministic nature of autoregressive generation can produce outliers; we addressed this
by running each generation once per configuration and focusing on systematic patterns
across 27 test cases per condition.

External validity: External validity is limited due to the use of textbook case studies, which
may not fully represent the complexities found in actual industrial documents. Textbook
examples offer a controlled baseline, but real-world requirements are often messy and
incomplete. Future work should evaluate workflows on industrial requirements.

Human evaluator bias: Human evaluation introduces subjectivity, especially in assessing
behavioral correctness and understandability. To mitigate this, diagrams were inde-
pendently evaluated by two UML-experienced evaluators using predefined criteria and
scoring guidelines. Inter-rater agreement was measured with Cohen’s Kappa coefficient
(κ = 0.44–0.68 across dimensions), with disagreements resolved through consensus.

Reliability of reconstructed requirements: Some requirements were partially reconstructed
from textbook diagrams due to missing specifications. Despite manual verification, this
reconstruction may introduce implicit assumptions.

Generality of validation heuristics: Some structural validation rules are based on practical
modeling heuristics rather than strict UML standards. While these heuristics enhance
automated diagram quality assessment, alternative interpretations may exist. The full
rule set is available in the artifact repository [14] for replication and adaptation.

LLM training data contamination: A significant threat is that the evaluated LLMs may
have been pre-trained on the same textbooks and UML resources as our dataset. If models
“saw” the case study diagrams during training, their performance could be inflated due to
memorization. While we cannot rule out contamination, we note: (a) we used structured
requirement reformulations differing from original textbook wording; (b) we required
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generation in PlantUML syntax, unlikely to appear verbatim in training corpora; and (c)
the poor zero-shot performance across all models (0% structural validity) suggests that
memorization alone is insufficient, as models still fail without explicit prompting. Future
work should validate findings on newly created, non-public requirements.

6 Conclusion

This work contributes one of the first validation-aware empirical frameworks for studying AI-
assisted behavioral model generation, combining automated structural verification, retrieval-
based prompting, iterative repair, and human-centered evaluation. Using a novel dataset of
80 requirement–state transition diagram pairs derived from software engineering textbooks,
we evaluated four open-source LLMs across zero-shot, one-shot, few-shot, RAG, and repair
workflows. Our key findings are: (1) Few-shot prompting significantly outperforms zero-shot
and one-shot for syntactic validity, but structural validity remains low (30%) across all models,
with missing final and initial states as common errors. Passing a syntax check alone gives
false confidence. (2) RAG’s effectiveness is model-dependent. Rules-only RAG works best
for instruction-tuned models (Llama, Qwen), while theory-only RAG is uniformly ineffective.
RAG can induce hallucination by copying irrelevant content from retrieved examples. (3)
Iterative repair dramatically improves structural validity, especially for DeepSeek (from
22.2% to 88.9%), with most repairs succeeding within the first two iterations. Repair is
most effective for small, localized errors; diagrams with many violations rarely become valid.
Repair success also varies by violation type – DeepSeek fixes missing final states and missing
initial states perfectly but cannot handle unreachable states. (4) Human evaluation shows a
disconnect: diagrams are rated high for understandability (often 5/5) but low for correctness
(3–4/5). Few-shot prompting aligns better with requirements than RAG, and diagrams
passing automated validation after repair receive high human ratings, making repair the
most reliable strategy. Taken together, these results demonstrate that reliable AI-assisted
behavioral modeling is achievable not through larger prompts or more retrieval, but through
targeted, validation-aware workflows that combine few-shot examples with iterative repair.
Practitioners can adopt our validation rules and repair prompts to integrate LLMs into their
modeling processes as collaborative assistants rather than autonomous generators.

Data Availability Statement
All artifacts generated and used in this study are publicly available at: https://github.
com/mashiat0808/State_Transition_Diagram_LLM_workflow
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