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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. Our
experiments indicate that the two-stage prompting approach
improves generation quality (F1-score 0.898) over the single-stage
baseline (F1-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], OpenAI’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 LLMs 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



Fig. 1: Architecture for LLM-based automated state machine
generation and assessment.

Fig. 2: Prompt structure of the single-stage baseline.

Mermaid state machine as input and produces a completed
assessment sheet by filling in a pre-established rubric based
on a reference solution state machine, enabling evaluation of
state machines without requiring human intervention.

Single-Stage Baseline is a generation strategy with a 3-
shot technique in which the full task is provided to the LLM
in a single step. The prompt is structured into four distinct
components which are illustrated in Figure 2.

First, a role block establishes the LLM’s persona as
an expert state machine engineer and frames correctness
as non-negotiable. Second, a syntax rules block specifies
the complete set of constraints imposed on the custom
stateDiagram-v2 Mermaid syntax parser [22]. The stan-
dard Mermaid syntax already supports core state machine con-
structs used in this work, including state declarations, initial
states, transitions, and composite state. However, it does not
natively support several UML state machine features required
for this work. To address these limitations, we introduced
a lightweight syntax extension that adds support for transi-
tions containing explicit event, guard, and action elements
using the notation SourceState --> TargetState :
event [guard] / action, as well as state-level en-
try, do, and exit actions represented using Mermaid note
blocks, history states represented using the reserved state name
H, and parallel regions enclosed using a custom region
RegionName{...} construct. Third, an examples block sup-
plies three in-context demonstrations, each pairing a natural
language system description with its corresponding valid Mer-
maid diagram. These examples establish the expected level of

Fig. 3: Prompt structure of two-stage refinement.

detail, naming conventions, and structural patterns. Fourth, a
task block provides the target system description and instructs
the LLM to work through seven explicit reasoning steps:
deriving implicit knowledge, extracting states, extracting tran-
sitions, identifying hierarchical structures, identifying concur-
rent regions, identifying history states, and finally assembling
the complete Mermaid diagram.

Two-Stage Refinement is a generation strategy with a 3-
or 6-shot configuration in which state machine production is
decomposed into two successive LLM calls. The first stage
is identical to the Single-Stage Baseline, as illustrated in
Figure 2: the LLM receives the same four-block prompt—role,
syntax rules, in-context examples, and task—and produces
an initial Mermaid diagram using the same chain-of-thought
reasoning steps. The 3-shot configuration of this generation
strategy is identical to the Single-Stage Baseline, while the 6-
shot configuration supplies three additional in-context exam-
ples in the examples block. The first-stage output is treated as
a structured draft to be critically reviewed in the second stage.
The second stage employs a refinement prompt designed to ad-
dress recurring structural errors identified during preliminary
experiments and evaluation of the Single-Stage Baseline. By
targeting these issues, the refinement prompt aims to improve
the quality, consistency, and completeness of the final output.
This prompt is organized into four components, as illustrated
in Figure 3.

First, an instructions block reframes the LLM’s objective:
rather than generating from scratch, the LLM is asked to
review and correct its previous output using the original system
description, which is provided again in the instructions block
as the sole ground truth. Second, a syntax rules block repeats
the full extended Mermaid syntax rule set. Third, a previous
output block injects the first-stage diagram directly into the
prompt for refinement. Fourth, a common errors block enu-
merates six specific error categories that the LLM must check
against in order: (1) missing history states for composite states
that can be interrupted and resumed; (2) missing transitions
implied by the system description; (3) incomplete transition
labels, specifically absent guards or actions; (4) multi-step
behavioral sequences collapsed into a single transition; (5) flat
structures where composite states are implied by the descrip-
tion; and (6) history state naming or usage violations, such
as suffixed names like H_Mode that cause parse failures. For



Fig. 4: Prompt Structure of the assessment module.

each error category, the block provides a rationale explaining
why the error is harmful and a pair of incorrect and correct
Mermaid examples illustrating the expected fix.

Single-Prompt Assessment is an assessment module in
which an LLM evaluates a submitted state machine, rep-
resented in the extended Mermaid syntax, with a zero-shot
configuration using three reference inputs, as illustrated in
Figure 4: (1) the system description provided during the
generation phase, (2) an assessment sheet in CSV format
that decomposes an expert-created reference state machine
solution derived from the natural language system description
into atomic assessment components, and (3) the corresponding
Mermaid diagram representation of the reference state ma-
chine solution. This module may be executed automatically
following a generation phase, where the Mermaid representa-
tion of the state machine produced by the post-processor in
Figure 1 is used as the input Mermaid diagram to evaluate.
The prompt is structured into three distinct components.

First, a role block establishes the LLM’s persona as a pro-
fessor specializing in state machine modeling and assessment,
framing the task as high-precision rubric completion. Second,
a context block defines the hierarchy and interpretation of the
provided inputs: the system description is treated as the sole
source of truth for expected behavior, the reference solution
assessment sheet serves only as a rubric template defining the
expected assessment coverage, the Mermaid diagram repre-
sentation of the reference solution is used solely to interpret
how the rubric maps to the system description rather than to
force literal similarity, and the Mermaid diagram to evaluate is
assessed semantically against the intended behavior. Third, an
assessment rules block specifies the constraints and evaluation
rules the LLM must follow, including exact CSV structure
preservation, modifications limited to assessment and justi-
fication columns, semantic rather than syntactic evaluation,
acceptance of behaviorally equivalent modeling alternatives,
score scales for standard and additional-element rows, concise
row-specific justifications, and validation requirements.

B. Large Language Models

In our framework, we use three LLMs for state machine
generation and assessment: Claude Sonnet 4.5, devel-
oped by Anthropic; GPT-5.5, developed by OpenAI; and
Gemini 3.1 Pro Preview, developed by Google, from

here-on referred to as Claude, GPT, and Gemini. However,
the framework is not limited to these LLMs and can be
extended to support other LLMs.
Claude has demonstrated state-of-the-art performance in

coding, agentic task execution, and sustained multi-step rea-
soning [14], making it a strong candidate for automated state
machine generation, which we evaluate with human assess-
ment. We selected Claude based on preliminary experiments
and prior work [18]. We further evaluate the assessment perfor-
mance of three frontier LLMs on the state machines generated
by Claude by comparing it against the human assessment:
(i) Claude, which brings the same reasoning strengths to
the assessment task, (ii) GPT, which has demonstrated strong
capabilities in long-context reasoning, planning and iterative
refinement [15], and (iii) Gemini, which introduces strong
core reasoning capabilities for complex problem-solving [16],
[17]. We further evaluate the assessment of state machines
generated with GPT and Gemini not to compare them against
human assessment, but rather to investigate assessment trends
for these three LLMs.

The temperature parameter [23] controls the determinism
of LLM outputs and was set differently across modules:
0.01 for first-stage and single-stage generation to encourage
syntactic consistency, 0.3 for second-stage refinement to allow
greater structural flexibility, and 0 for automatic assessment to
minimize potential output variation.

IV. MANUAL STATE MACHINE EVALUATION

We discuss the evaluation procedure, scheme, and criteria,
as well as inter-rater agreement and confusion matrices.

A. Evaluation Procedure

To evaluate the state machine generation strategies proposed
in this paper, we adopt an ideal scenario where the system
description is clear and concise. This evaluation is based on
nine modeling problem descriptions in English (see Table I)
from an undergraduate university course, designed to assess
students’ proficiency in state machine modeling. Each problem
comes with a reference state machine in diagrammatic format,
created by modeling experts, which serves as the ground
truth for comparison. Our evaluation involves comparing the

TABLE I: Summary of state machine model elements in
ground-truth solutions.

Model Element P TA SM D C B TM W S Total
Action 3 12 0 7 8 10 6 36 21 103
Composite State 2 2 3 2 3 3 1 5 1 22
Guard 6 14 4 4 4 4 7 3 11 57
History State 1 1 1 1 1 1 1 1 1 9
Parallel Region 0 4 5 2 2 0 0 2 0 15
States 8 17 16 12 13 12 11 24 9 122
Transition 17 20 15 19 14 18 17 37 23 180
Total 37 70 44 47 45 48 43 108 66 508

P: Printer, TA: Train Automation, SM: Spa Manager,
D: Dishwasher, C: Chess Clock, B: Bread Maker,
TM: Thermomix TM6, W: W-UMPLE, S: SSC7.



generated models to these reference solutions to assess the
effectiveness of our strategies.

Due to the subjective nature of software modeling, multiple
state machines may correctly model the same behavior for a
given problem description. For example, state names, com-
posite state names, or parallel region names may differ while
preserving equivalent transitions and overall system behavior.
Furthermore, to the best of our knowledge, no established
automated evaluators currently exist for UML state machines,
motivating the need for a structured manual evaluation process.

To support reproducible evaluation, we created a dedicated
rubric in the form of an assessment spreadsheet template for
each benchmark problem. Generated outputs are evaluated
against the corresponding ground-truth solutions using the
predefined assessment templates.

For each generated state machine, two independent raters
evaluate the outputs without consulting one another in order to
reduce evaluation bias. After evaluation, inter-rater agreement
is computed using weighted Cohen’s kappa [24]. When the
agreement score exceeds 0.8, the evaluations are considered
sufficiently consistent; otherwise, the evaluators jointly recon-
cile disagreements to produce a final evaluation.

In addition to manual evaluation, the automated assessment
module is provided with the same assessment template scheme
in CSV format used by the human evaluators and tasked with
assessing the generated state machines while preserving the
original rubric structure.

B. Evaluation Scheme

When evaluating a state machine generated by the genera-
tion strategies, we considered the seven types of state machine
model elements that we deemed to be the most characteristic
or representative of the state machine modeling decisions.
These seven types of model elements are state, transition,
guard, action, composite state, parallel region, and history
state. The distribution of these types of model elements across
the ground-truth state machines is shown in Table I.

For each benchmark problem, the ground-truth UML state
machine is decomposed into these atomic types of model
elements. Each expected type of model elements is represented
as an individual assessment entry and evaluated independently
with scores of 1 (correct), 0.5 (partially correct), or 0 (incorrect
or missing). Additionally, a separate section is included for
each type of model elements to record additional generated
elements that are not present in the reference solution and are
inconsistent with the system description. These additional ele-
ments are counted independently and treated as false positives
during metric computation.

The evaluation emphasizes semantic correctness rather than
exact textual similarity. Generated elements may still be con-
sidered correct even if they differ from the reference solution,
provided that they represent equivalent behavior or structure.

C. Evaluation Criteria

To evaluate the quality of the generated model, we con-
sider partial results (S =

∑
i siTPi, where si = (0.5, 1) for

each TP) and compute the precision (P = S
TP+FP ), recall

(R = S
TP+FN ), and F1-scores (F1 = 2×P×R

P+R ) for each of
the seven types of state machine model elements detailed in
Section IV-B for each generated state machine, in addition to
the overall result (computed by aggregating the true positives
(TP), false positives (FP), and false negatives (FN) of all
types of model elements). The overall F1-score is calculated
to estimate the overall quality of the output of a generation
strategy. The individual metrics for the seven types of state ma-
chine model elements provide more detailed and interpretable
results, as well as hints as to the next aspects to optimize with
subsequent generation strategies. Precision gives an estimate
of the accuracy of predictions made by the generation strategy.
Recall measures the ability of the generation strategies to find
all relevant instances of the concerned model elements in the
ground-truth model. The F1-score combines the precision and
recall measures, i.e., representing their harmonic mean.

D. Inter-Rater Agreement and Confusion Matrices

To measure assessment consistency between raters, we use
weighted Cohen’s kappa (κw = 1 −

∑
i,j wijoij∑
i,j wijeij

), where oij
are the observed proportions and eij the expected proportions
under chance agreement for category pair (i, j), and the dis-
agreement weights wij =

|si−sj |
max(s)−min(s) ≡ |si−sj | for scores

s ∈ {0, 0.5, 1} (see Section IV-B) penalize disagreements
proportionally to their distance [24]. Inter-rater agreement is
computed both globally and per model element type category.

In addition, confusion matrices are used to analyze the
distribution of assessment disagreements, providing a detailed
breakdown of score pairings and enabling comparison of as-
sessment tendencies across categories and score assignments.

V. EXPERIMENTS

This section presents the experimental setup and results (see
repository [25]) for the three research questions, followed by
a discussion including threats of validity. The three research
questions are: RQ1: How well does a state-of-the-art reasoning
LLM generate state machines using a single-stage and two-
stage approach? RQ2: To what extent can the assessment
of state machines be automated with state-of-the-art LLMs?
RQ3: To what extent does the assessment trend observed in
RQ2 hold for state machines generated by other LLMs?

A. Dataset and Setup

All experiments use the nine problems described in Table I.
For RQ1, Claude generates state machines under three
configurations: the single-stage baseline (3-shot), and two two-
stage variants (3-shot and 6-shot). Few-shot examples use the
same problems, except SSC7 and W-UMPLE are withheld
to evaluate generalization. The evaluated problem is never
included in the prompt. For 3-shot experiments, the exam-
ples are Printer, Spa Manager, and Dishwasher, with Chess
Clock substituted whenever the evaluated problem is one of
these. For 6-shot experiments, examples are drawn from the
remaining few-shot examples, and when evaluating SSC7 or
W-UMPLE, Train is also excluded. The 3-shot configurations



are evaluated on the seven non-blind problems, while the 6-
shot configuration is additionally evaluated on the two blind
problems, SSC7 and W-UMPLE.

For each generated state machine, two human raters inde-
pendently evaluate the output using the scheme from Sec-
tion IV. Inter-rater agreement is computed using weighted
Cohen’s kappa as a consistency measure, and all assessments
are subsequently reconciled through discussion to produce a
single agreed-upon final evaluation.

For RQ2, the two-stage 6-shot configuration is used as the
basis for assessment comparison, as it produces the strongest
generation results in RQ1. Claude, GPT, and Gemini each
independently assess the same Claude-generated state ma-
chines against the reconciled human assessment.

For RQ3, GPT and Gemini each generate state machines
with the two-stage 6-shot configuration, which are subse-
quently assessed by all three LLMs. No human assessment
exists for these generated state machines. The goal is not
to evaluate the quality of GPT- and Gemini-generated state
machines, but to determine whether the assessment patterns
observed in RQ2 remain consistent when the LLMs are applied
to different state machines.

B. RQ1: Generation Quality of Claude Sonnet 4.5

The single-stage baseline reveals a consistent asymmetry:
precision remains consistently very high (above 0.883, overall
0.911), while recall is considerably lower and more variable
(see Table II). When Claude includes a model element,
it is always at least partially correct relative to the ground
truth (FP of 0 across all examples). Claude omits required
elements rather than generating incorrect ones. History states
show the lowest single-stage recall, though this reflects a small
sample (see Table I) rather than a systematic failure. The more
consequential gaps are in actions and guards, which appear
frequently across problems and are most likely to be expressed
implicitly or conditionally in a natural language description.

These observations shape the design of the two-stage refine-
ment. Rather than rewriting the generation prompt, the second
stage is built to recover what the single-stage consistently

TABLE II: Micro-average by element type and overall for
single-stage and two-stage (6-shot) prompting. P , R, and F1

computed across all examples. ∆F1 shows improvement of
two-stage over single-stage. Human assessment only.

Single-stage Two-stage

Model Element P R F1 P R F1 ∆F1

Action 0.923 0.522 0.667 0.967 0.704 0.815 +0.148
Composite State 0.933 0.875 0.903 0.976 0.932 0.953 +0.050
Guard 0.904 0.547 0.681 0.929 0.798 0.858 +0.177
History State 1.000 0.429 0.600 0.722 0.722 0.722 +0.122
Region 0.950 0.731 0.826 1.000 0.867 0.929 +0.103
State 0.929 0.803 0.861 0.961 0.898 0.928 +0.067
Transition 0.883 0.662 0.757 0.962 0.903 0.931 +0.174

Overall 0.911 0.674 0.775 0.956 0.846 0.898 +0.123
P: Precision, R: Recall, F1: F1-Score.

Single-stage: n = 7 examples; Two-stage: n = 9 examples.

missed. The Two-Stage Refinement section of Section III-A
describes these recurring shortfalls in detail. Actions, guards,
and transitions, three element types with consistently weak
single-stage recall and high practical importance, each improve
by roughly 14 to 18 percentage points for F1 under refinement.

Table II summarizes the two-stage results broken down by
model element type. Composite states, transitions, regions,
and states perform strongest. Overall, two-stage F1 across all
model elements reaches 0.898 for the 6-shot configuration with
FP of only 2 (for history states) across all examples, compared
to 0.775 for the single-stage baseline. The two-stage 3-shot
configuration achieves an overall F1 of 0.884, confirming that
the second refinement stage drives most of the improvement
and that additional in-context examples provide a smaller but
consistent further gain.

History states show the lowest single-stage F1 at 0.600,
and improve to 0.722 under two-stage prompting. However,
this reflects a very small sample size, so the result must be
interpreted with caution. Actions and guards remain the lowest
performing types with large sample size despite large absolute
improvements. Recall sits at 0.704 and 0.798, respectively,
even after refinement, i.e., roughly one in four expected actions
and guards are still missed. Both are frequently left implicit
in natural language descriptions and must be inferred from
context rather than extracted directly, and the second stage
does not fully close that gap. This suggests a capability
limitation beyond what prompt engineering alone can address.

Both blind test cases, SSC7 and W-UMPLE, produce an
aggregated overall F1 of 0.902, compared to 0.896 for the
seven other examples, giving no indication that the reported
results are inflated by repeated exposure to the examples set.

Answer to RQ1

The two-stage approach improves generation quality
over the single-stage baseline for all seven model
element types, driven by recall gains on the elements
the refinement stage specifically targeted. Precision
is consistently very high across both configurations
(> 0.91) with FP of 2 across all examples, confirming
that the generation gap is one of coverage rather than
correctness. Actions and guards remain the hardest ele-
ment types even after refinement, suggesting the LLM
struggles to infer implicit behavior from non-structured
descriptions regardless of prompting strategy.

C. RQ2: Automated Assessment Quality

Assessment is the primary scalability bottleneck in our
experimentation. Each generated state machine requires two
independent human raters and a reconciliation step, and that
effort multiplies quickly as the number of examples and
configurations grows. RQ2 examines whether LLM-based as-
sessment can close this gap, and more specifically, where it
agrees with human judgment and where it consistently strays.

Table III reports linear weighted Cohen’s κw between each
LLM and the reconciled human assessment, using the same



(a) Claude 4.5 Sonnet (b) GPT-5.5 (c) Gemini 3.1 Pro Preview

Fig. 5: Row-normalized confusion matrices comparing LLM and human assessment decisions across the three score options
(0, 0.5, 1). Rows represent the human score; columns represent the LLM score.

TABLE III: Linear weighted Cohen’s κw between each LLM
and human assessment, overall and by model element type,
evaluated on Claude-generated state machines using the two-
stage 6-shot configuration.

Model Element Claude 4.5 Sonnet GPT-5.5 Gemini 3.1 Pro P.

Action 0.507 0.602 0.548
Composite State 0.647 0.893 0.826
Guard 0.658 0.615 0.720
History State 0.553 0.614 0.612
Region 0.834 0.915 0.834
State 0.451 0.648 0.693
Transition 0.551 0.529 0.655

Overall 0.590 0.655 0.690

weighting scheme applied for human inter-rater agreement in
Section IV. Gemini, the best performing LLM, reaches only
0.690, i.e., medium moderate (κw = 0.60–0.79) agreement [26]
with the human assessment. It is worth noting that human
inter-rater kappa only exceeds 0.80 on these problems in
43.5% of all evaluated RQ1 problems, typically only when
assessments are near-perfect, reflecting the inherent subjectiv-
ity of state machine evaluation rather than a ceiling that is
easily reached.

At the element level, region and composite state exhibit
strong agreement (κw = 0.80–0.90) [26], with region’s κw

values at 0.834, 0.915, and 0.834 for Claude, GPT, and
Gemini, respectively. Composite state also shows strong
agreement for GPT (0.893) and Gemini (0.826), though
Claude lags at 0.647. Guard, transition, and history state
reach moderate agreement, while action and state are the
weakest element types, with the lowest result for state being
0.451 for Claude and action being the weakest overall across
all three LLMs (weak level of agreement if κw = 0.40–
0.59) [26].

The confusion matrices in Fig. 5 compare the consolidated
human assessment and LLM assessment decisions directly.
Each row represents the human score and each column repre-
sents the LLM score, so a cell at row 0.5 and column 0 means
the human assessment is partial credit but the LLM’s is zero.

All three LLMs handle Score 1 well, with GPT and Gemini
correctly identifying elements the human rated as correct at
rates above 85%, and Claude at 77.5%. Identifying incor-
rect elements (Score 0) is also reasonable for Claude and
Gemini at 83.9% and 86.9%, respectively, while GPT-5.5
is weaker here at 66.4%, spreading disagreements into the 0.5
column instead. The consistent problem across all three LLMs
is the Score 0.5 row. When a human assigns partial credit, all
three LLMs tend to collapse that decision to Score 0. Claude
does this most aggressively at 72.2%, Gemini less so at
63.9%, and GPT is the least biased at 44.4% though still unre-
liable. This pattern holds across three architecturally different
LLMs from three different organisations, suggesting it is not a
peculiarity of any one LLM. Without explicit examples of what
a 0.5 assessment decision looks like in the prompt, the LLMs
appear to default to the more certain binary options. Critically,
all three LLMs miss credit that human raters award rather than
fabricating credit that humans do not. The bias is conservative:
LLM assessment systematically underestimates rather than
overestimates how correct the generated state machines are.

Answer to RQ2

None of the three LLMs reach overall strong agree-
ment (Cohen’s κw ≥ 0.80) with the consolidated
human assessment. Gemini and GPT come closest
at 0.690 and 0.655, respectively, with Claude only
at 0.590. Region and composite state exhibit strong
agreement for most LLMs, while action and state
are the weakest element types across all LLMs. All
three LLMs consistently miss credit that human raters
award rather than fabricating credit that humans do
not, meaning the bias is conservative.

D. RQ3: Assessment Trends on Further State Machines

For RQ3, all three LLMs assess the state machines gen-
erated by GPT and Gemini. We then compare the resulting
assessment patterns against those observed for RQ2. Without
human assessment for these state machines, the focus is on



TABLE IV: Score 1 rates (%) per model element type and
overall for Claude-generated state machines (RQ2 base-
line, human-validated) and the combined GPT- and Gemini-
generated state machines (no human assessment). Results are
pooled across both generators for the combined column. Ranks
are shown in parentheses: element type ranks are within each
LLM column; overall ranks are across LLM columns.

C4.5S GPT-5.5 G3.1PP

Model Element C-gen G+G-gen C-gen G+G-gen C-gen G+G-gen

n 519 1141 510 1142 508 1142

Action 35.1 (6) 64.0 (4) 52.3 (6) 77.5 (3) 47.7 (5) 73.0 (3)
Composite State 58.1 (3) 62.9 (5) 58.1 (4) 67.7 (5) 58.1 (3) 69.4 (4)
Guard 45.5 (5) 68.2 (3) 60.6 (3) 69.7 (4) 54.5 (4) 68.2 (5)
History State 22.2 (7) 30.6 (7) 27.8 (7) 36.1 (7) 27.8 (7) 36.1 (7)
Region 45.8 (4) 51.1 (6) 54.2 (5) 54.2 (6) 45.8 (6) 50.0 (6)
State 73.6 (1) 83.2 (1) 76.3 (1) 85.1 (2) 75.6 (1) 84.7 (2)
Transition 71.6 (2) 81.6 (2) 72.6 (2) 85.3 (1) 74.2 (2) 86.8 (1)

Overall 58.5 (3) 73.1 (3) 65.1 (1) 78.1 (1) 63.6 (2) 77.4 (2)
C4.5S: Claude 4.5 Sonnet; G3.1PP: Gemini 3.1 Pro Preview.

C-gen: Claude-generated (human-validated); G+G-gen: combined
GPT+Gemini-generated (no human assessment). All values are % Score 1.

assessment consistency rather than generation quality: do the
same tendencies identified for RQ2, specifically the element-
level ranking and the partial credit collapse, hold for further
state machines? Table IV compares Score 1 rates (% of
assessments with 1 as a score) on Claude-generated state
machines against the combined GPT+Gemini-generated state
machines for each LLM.

The Score 1 ranking from RQ2 (GPT most gener-
ous, Gemini middle, Claude strictest) holds for RQ3
as well. The gap between LLMs narrows slightly on
the GPT+Gemini- vs. Claude-generated state machines
(78.1%, 77.4%, 73.1% compared to 65.1%, 63.6%, 58.5%),
but Claude remains the strictest in both conditions.

At the element level, the ranking of element types is
broadly preserved across generator conditions. History states
remain the lowest scoring type in both conditions for all
three LLMs, never exceeding 36.1%. States and transitions
remain the two highest, always at least above 71.6%. The
most notable shift is for action, where all three LLMs assign
substantially more Score 1 on the combined GPT+Gemini-
generated state machines than on Claude-generated ones
(> 25 percentage points higher). The magnitude is consistent
across LLMs, which suggests this could reflect genuinely
better action generation by GPT and Gemini. However, this
could also be a surface-level alignment between their output
style and the rubric, which cannot be determined without
human assessment. Nevertheless, the shift is large enough to
warrant further investigation, which we leave for future work.
Beside action, guard also changes its rank once when assessed
by Claude, but all other relative rankings stay the same,
indicating that the RQ2 assessment trends hold for RQ3.

All three LLMs assign more Score 1 to the combined
GPT+Gemini-generated state machines than to Claude-
generated ones, with overall rates rising from 58.5–65.1% to

73.1–78.1%. Because this shift is consistent across all three
LLMs, it is more likely a property of the generated state ma-
chines than of any individual LLM assessing them. However,
these results again have to be reconfirmed through human
assessment of the GPT+Gemini-generated state machines.
Partial credit rates also drop across the board on the combined
state machines (4.0–6.7%) compared to Claude-generated
ones (7.9–15.1%), reinforcing the RQ2 finding that all three
LLMs default to binary decisions. That tendency is even more
pronounced for RQ3.

Answer to RQ3

The assessment patterns from RQ2 broadly hold when
all three LLMs are applied to GPT+Gemini-generated
state machines. The LLM ranking (GPT most gener-
ous, Claude strictest) is preserved, states and transi-
tions remain the easiest element types, history states
remain consistently the hardest element type, and
the partial credit collapse persists. Score 1 rates are
higher overall on the GPT+Gemini-generated state
machines, but since no human assessment exists for
these state machines, this cannot be interpreted as
a quality comparison. The element-level ranking is
largely stable across generator conditions, supporting
the assessment patterns identified in RQ2.

E. Discussion

Across all three experiments, the same element types are
consistently the hardest to generate and the least reliably
assessed. Action and history state show the weakest F1 values
in RQ1, and they also show the lowest κw values in RQ2.
Guards, transitions, and states fall well below strong agree-
ment for RQ2, despite above 0.85 F1-scores under two-stage
refinement. Region and composite state are reliable on both
sides, performing strongly in generation and reaching strong
agreement for assessment. Region and composite state share
a common property: they are structurally defined and directly
extractable from a system description. Action and guard, by
contrast, require inferring behavior that is often left implicit
in natural language, which is equally hard whether the LLM
is generating or evaluating.

For the Claude-generated state machines assessed in RQ2,
all three LLMs miss credit rather than fabricate it, meaning
LLM assessment does not inflate perceived generation quality
on that set. Where an LLM assigns Score 1, that judgment is
generally trustworthy. Where it assigns Score 0 on a semanti-
cally complex element, a human rater cannot be confident that
judgment is correct. This asymmetry is what makes a hybrid
strategy viable rather than speculative. Claude is consistently
the strictest grader regardless of which LLM generated the
state machine, while GPT is the most generous. This relative
ranking is stable across both RQ2 and RQ3, holding regardless
of which LLM generated the state machines, which suggests
the choice of which LLM assesses state machines has a
consistent effect on assessment outcomes.



While the ranking of element types is broadly preserved
from RQ2 to RQ3, the large increase in Score 1 rates for
action from RQ2 to RQ3, observed consistently across all three
LLMs, is the one finding that does not fit cleanly into this pic-
ture. Whether this reflects genuinely better action generation
or a surface-level alignment between the output style of the
generator and the rubric cannot be resolved without human
assessment. It requires human validation of GPT+Gemini-
generated state machines specifically before drawing stronger
conclusions about their generation quality.

These findings motivate a hybrid assessment strategy. Since
generation precision is consistently very high and FP is either
zero or near zero, elements the LLM includes are almost
always at least partially correct. A human rater can therefore
focus entirely on elements that were missed or received partial
credit. Score 1 assignments can be reasonably assumed correct
without further verification. Human review should concentrate
on actions, guards, transitions, and states, where LLM reli-
ability is lower and the partial credit collapse has the most
impact, while regions can be left to automated assessment
with confidence across all three LLMs. Composite states
are reliable for GPT and Gemini but warrant spot-checking
when using Claude. Validating this strategy against a human-
assessed baseline is the natural next step for future work.

F. Threats to Validity

Internal validity. The non-zero generation temperatures
introduce non-determinism, mitigated by low chosen values
and averaging across nine problems. Manual evaluation bias
is compensated by shared guidelines, two independent raters,
weighted Cohen’s kappa, and discussion-based reconciliation.
External validity. All experiments use nine problems from a
single undergraduate course, and the three LLMs evaluated
constitute a limited sample, meaning results may not be
generalized to other domains, description styles, languages, or
LLMs. This is further constrained by only two blind test cases
and the absence of human assessment for GPT+Gemini-
generated state machines. Construct validity. Precision, re-
call, F1-score [7], and weighted Cohen’s kappa [26] are stan-
dard metrics, but the seven-element decomposition may not
capture all quality dimensions. Moreover, the 0/0.5/1 scoring
scale may introduce subjectivity in partial-credit decisions.

VI. RELATED WORK

Automated state machine generation. Early studies pri-
marily rely on statistical methods to extract state machines
from structured software logs and execution traces [2]–[4].
More recent approaches incorporate various machine learning
techniques, such as active learning, to improve extraction
quality and efficiency [27], [28]. With the rise of LLMs, Wei et
al. [29] propose ProtocolGPT which analyzes protocol source
code to identify and reconstruct underlying state machines.
Biase et al. [5] propose a semi-automatic approach to complete
SysML state machines from partial models and Given-When-
Then requirements. Abdulkarim et al. [18] investigate LLM-
based state machine generation from unstructured NL descrip-

tions, finding that LLMs handle basic states and transitions
reasonably but struggle with guards, composite states, and
parallel regions. Basic and Vujasinovic [20] evaluate GPT-4.1,
Grok 3, and Qwen3.5-Plus for UML state diagram generation
across three examples of varying complexity, reporting strong
results for simpler systems but limitations in hierarchical
modeling. Building on these efforts, we explore single-stage
and two-stage generation strategies using more recent frontier
LLMs and Mermaid syntax [19] as the output format.

LLMs for Model Generation. A frequent application of
LLMs in MDE is the automatic generation of models from
NL text [30]. Early studies typically use various prompting
techniques, relying exclusively on a single LLM call to gener-
ate complete models, including domain models [7], [31], goal
models [9], sequence diagrams [10], and use case models [32].
More recently, many multi-step model-generation methods
based on iterative LLM interactions have been proposed,
e.g., to integrate human best-practice modeling processes with
iterative LLM-based domain model generation [13]. Addition-
ally, the Chain-of-Layers approach [33] utilizes a top-down
iterative approach, combining LLMs with masked language
models to progressively construct taxonomies. This paper is an
application of LLMs for model generation, focusing on state
machines with single- and two-stage generation strategies.

LLMs for MDE. Besides complete model generation,
LLMs have been integrated into various other aspects of MDE.
A common use case is model completion, where LLMs assist
human modelers by providing completions or suggestions
during the modeling process [8], [34], targeting more efficient
and accurate model construction. In this paper, we investigate
the use of LLMs for state machine generation and assessment,
focusing on single- and two-stage generation strategies. To our
knowledge, this represents the first systematic study of LLM-
based automated assessment of UML state machines.

Automated model assessment. Automated assessment of
models has been explored primarily in software engineer-
ing education, covering DFA grading via edit distance and
entropy [35], FSM problem generation and heuristic-based
grading [6], autograding of DFA and NFA constructions with
personalized feedback [36]. For UML models, automated grad-
ing of class diagrams [37] and embedding-based assessment
of domain models against expert reference solutions [38]
have been proposed. Automated assessment of UML state
machines specifically has received little attention. In this paper,
we investigate LLM-based automated assessment of UML
state machines, comparing three frontier LLMs against human
assessment and against each other.

VII. CONCLUSION

We present an LLM-based framework for the automated
generation and assessment of UML state machines from non-
structured NL descriptions, evaluated on nine benchmark prob-
lems with expert-created ground-truth solutions. We introduce
and evaluate a single-stage baseline and a two-stage re-
finement approach using Claude Sonnet 4.5, and com-
pare Claude Sonnet 4.5, GPT-5.5, and Gemini 3.1



Pro Preview as automated raters against human raters and
relative to each other.

The two-stage approach substantially improves generation,
raising the overall F1-score from 0.775 to 0.898 by recovering
omitted elements—particularly guards (+0.177), transitions
(+0.174), and actions (+0.148) —while maintaining very high
precision and very low FP. Actions and guards remain the
weakest element types, with recall of only 0.704 and 0.798.

For automated assessment, no LLM reaches the threshold
for full automation (κw ≥ 0.80). Gemini performs best
(0.690), ahead of GPT (0.655) and Claude (0.590). All LLMs
exhibit a systematic conservative bias, collapsing partial-credit
scores to zero in 44.4–72.2% of cases. Actions remain the
weakest element type across all LLMs. Assessment patterns re-
main stable across generation-assessment configurations, with
GPT the most generous and Claude the strictest, though the
absence of human assessment prevents interpreting score dif-
ferences across configurations as direct quality improvements.

Overall, iterative prompting enables high-quality genera-
tion, leveraging the very high precision and low FP re-
sults. However, current LLMs remain insufficiently reliable
for fully automated assessment—motivating a hybrid human–
LLM strategy using LLMs across the full rubric and targeted
human review of semantically complex model elements.
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