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Abstract—UML state machine modeling is a critical activity for
the validation/verification of requirements and the specification
of dynamic system behavior. Traditionally, state machines are
manually crafted and assessed by experienced engineers based on
natural-language requirements — a time-consuming and error-
prone procedure. While many structured natural-language-based
automated generation approaches exist, automated assessments
have received little attention. In this paper, we empirically
investigate the capabilities of state-of-the-art Large Language
Models (LLMs) to (i) fully automate UML state machine genera-
tion from non-structured natural-language requirements, and (ii)
automatically assess generated outputs by comparing them to a
ground-truth solution. We first use human assessment to evaluate
the generation quality of CLaude Sonnet 4.5 using the single-
stage baseline and a two-stage prompting approach. We then
compare three LLMs — Claude Sonnet 4.5, GPT-5.5, and
Gemini 3.1 Pro Preview — by evaluating their assessment
performance (i) against human assessment and (ii) relative to
each other for state machines without human assessment. Qur
experiments indicate that the two-stage prompting approach
improves generation quality (£ -score 0.898) over the single-stage
baseline ([} -score 0.775), driven by recall gains while precision
remains very high across both configurations (> 0.91), confirming
that the generation gap is one of coverage rather than correctness.
Furthermore, our assessment comparison shows that all LLMs
do not reach assessment levels required for full automation,
exhibiting a systematic conservative bias by missing credit that
human raters award rather than fabricating it. Based on these
results, we suggest a hybrid assessment strategy. Our evaluation
highlights both the potential and the limitations of current
LLMs for automated state machine generation and assessment,
providing a baseline for future research in this domain.

Index Terms—state machine, large language models, prompt
engineering, model generation, model assessment

I. INTRODUCTION

Context: UML state machine modeling is an important ac-
tivity for requirements validation/verification and the specifica-
tion of dynamic behavior of systems through states, transitions,
and hierarchical features such as parallel regions, composite
states, and history states [1]. Traditionally, state machines
are manually crafted and assessed in a labor-intensive and
error-prone process by experienced engineers who interpret
natural language (NL) system descriptions to produce and
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assess comprehensive models. Existing automated generation
approaches typically require structured NL descriptions [2]-
[5]. At the same time, automated assessment approaches have
received little attention [6]. This gap motivates the need for
novel approaches that can accurately capture system behavior
from non-structured textual descriptions.

Problem Statement: In this paper, we first address the prob-
lem of fully automated state machine generation. Given non-
structured NL system descriptions, our goal is to automatically
derive a state machine that accurately represents the system’s
behavior, including states, events, transitions, guards, actions,
parallel regions, composite states, and history states, without
any human interaction. Second, we address the problem of
automated assessment of a state machine given a ground truth.

While Large Language Models (LLMs) have not been
applied to the assessment of state machines to the best of
our knowledge, advancements in LLMs have shown they
are capable of automating the modeling of many different
types of software models, such as domain models [7], [8],
goal models [9], and sequence diagrams [10]. Although these
LLMs demonstrate excellent understanding of input system
descriptions, they still struggle to produce high-quality models
fully autonomously [7]. Multi-step prompting techniques such
as Chain-of-Thought [11] and Tree-of-Thought [12] involve
breaking down a complex problem into multiple sub-problems
and invoking the LLM multiple times for each subtask. These
strategies have been shown to improve LLM performance for
automating modeling tasks [13].

Recently, frontier LLMs such as Anthropic’s Claude
Sonnet 4.5 [14], OpenAl’s GPT-5.5 [15], and Google’s
Gemini 3.1 Pro Preview [16], [17] represent the cur-
rent state of the art in general-purpose language understanding
and generation. These LLMs differ in their architectural em-
phasis, training strategies, and context-handling capabilities.
However, their effectiveness in software modeling tasks, espe-
cially for state machine generation and automated assessment,
has not yet been systematically studied or compared.

Objectives: Our study aims to first evaluate the extent to
which a state-of-the-art reasoning LLM can be harnessed to
fully automate the state machine modeling process using non-
structured NL system descriptions. We build our approach on
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prior work on LLM-based state machine generation, which
shows that LL.Ms can reasonably well identify basic states and
transitions but consistently fail to capture more complex model
elements such as guards, composite states, and interactions
between multiple regions [18]. We update this previous work
to more recent LLMs and a more common output format based
on Mermaid syntax [19].

Second, we investigate to what extent the assessment
of a state machine can be automated given a ground-
truth state machine, comparing the assessment performance
of Claude Sonnet 4.5, GPT-5.5, and Gemini 3.1
Pro Preview against human assessment. Furthermore, we
evaluate their assessment performance relative to each other
for state machines without human assessment.

Contributions: Specifically, this paper makes the following
contributions to the modeling community:

We evaluate the generation performance of Claude
Sonnet 4.5 for the single-stage baseline and a two-
stage prompting approach to fully automate state machine
generation.

We evaluate LLM performance based on quantitative
metrics (precision, recall, and F1-score) obtained from
a dataset of non-structured NL system descriptions with
corresponding ground-truth state machines using human
assessment and weighted Cohen’s kappa.

We compare the automated state machine assessment
performance of Claude Sonnet 4.5,GPT-5.5, and
Gemini 3.1 Pro Preview against human assess-
ment using weighted Cohen’s kappa, and further pro-
vide a detailed analysis of where LLM-based assessment
aligns with and diverges from human judgment.

Our experiment results provide insights into the strengths
and limitations of current frontier LLMs for state machine
generation and assessment, establishing a valuable base-
line for future research in automated model generation
and model assessment.

Added Value: Basic and Vujasinovic [20] also investigate
LLM-based UML state diagram generation, but evaluate only
three examples using qualitative ordinal scales without break-
ing down performance by model element type. In contrast, our
work evaluates nine benchmark problems with fine-grained
metrics per element type and additionally investigates auto-
mated LLM-based assessment.

In this context, we explore the single-stage baseline and
a two-stage generation approach with a state-of-the-art rea-
soning LLM. Furthermore, we present a hybrid assessment
strategy based on a comparison of human assessment of state
machines against three frontier LLMs given ground-truth state
machines.

II. BACKGROUND

State Machine Modeling. UML state machines [1] are used
to model reactive systems, capturing how a system transitions
between states and performs actions in response to events
and considering guard conditions. UML state machines extend
basic state machines with features like hierarchically nested

states (composite states), orthogonal regions for parallelism,
and history states to remember prior substates, making them
particularly suitable for specifying reactive and event-driven
behaviors of software and embedded systems. The significant
expertise required for state machine modeling, which is also
time-consuming and prone to human error, motivates auto-
mated state machine modeling: if non-structured NL require-
ments or scenarios could be translated into state machines
automatically, it would save manual effort and reduce errors.

Prompting Techniques. Fine-tuning an LLM involves up-
dating some of its parameters to fit a specific task and
dataset. This practice is more common with smaller-scale
LLMs. However, with larger LLMs (> 1B Parameters), this
approach becomes harder and less common due to training
costs and lack of sufficient training data. Therefore, we
adopt two alternative prompting techniques to help guide the
LLM through the state machine generation process. Few-shot
Prompting [21] incorporates N labeled examples into the task
context alongside the task description and input. However,
solely using input/output pairs in these examples may not suf-
fice for the LLM to learn complex tasks that require multiple
steps to solve. Chain-of-Thought Prompting [11] addresses
this issue by including a sequence of reasoning steps in the
examples provided to the LLM. This approach enables the
LLM to generate reasoning alongside the task output and has
been shown to improve performance on various benchmarks
compared to few-shot techniques. We use a combination of
both techniques to enhance performance.

III. APPROACH

In this section, we describe our LLM-based framework for
automatically generating UML state machine models from NL
descriptions of reactive systems, followed by the automatic
assessment framework that evaluates the generated state ma-
chine. We then present the employed LLMs.

A. Overview

Figure 1 provides an overview of the proposed framework.
The framework takes a system description in natural language
as input and produces a UML state machine model in an ex-
tended Mermaid syntax [19] as output. The generated Mermaid
state machine is then parsed using a custom Mermaid parser
extended for our use case, converted into an intermediate
representation, and rendered into diagrams. In addition, the
framework includes an automatic assessment component that
evaluates generated Mermaid state machines against a pre-
established ground truth assessment specification.

The framework comprises three modules. The first two are
generation modules, each implementing a distinct prompting
strategy for state machine production: a single-stage genera-
tion module, in which the LLM produces the complete UML
state machine in a single prompt, and a two-stage generation
module, in which an initial state machine is first generated
and then passed to a second refinement prompt that reviews
and corrects common structural and semantic issues. The third
module is an assessment module, which takes a generated
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