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Abstract. Public institutions seldom document the informal, undocu-
mented processes that shape everyday work. As institutions digitize and
modernize, such tacit knowledge is easily lost, particularly amid demo-
graphic change and limited process modeling expertise. To address this
problem, we present Process Copilot, a generative Al system that con-
verts natural language process descriptions into BPMN 2.0 models using
large language models (LLMs). To improve the quality and reliability of
generated process models, we incorporate domain-specific ontologies into
the prompting process. We evaluate two prompting strategies, with and
without ontologies, across ten real-world processes, using syntactic and
structural similarity metrics alongside stability analysis based on output
variance. Results indicate that ontology integration enhances semantic
and structural performance, though at the cost of stability.

Keywords: Process Modeling + BPMN2.0 - Generative AI - Knowl-
edge Graphs - Domain Ontology.

1 Introduction

The ongoing modernization of public administration compels institutions to dig-
itize and streamline their internal processes [18]. Yet process knowledge remains
fragmented across individuals, hindering transparency and documentation [22].
This problem is further exacerbated by demographic shifts and the loss of ex-
perienced staff [4]. While formal process modeling automation using standards
like BPMN 2.0 ! offers a potential solution, many public institutions lack the
modeling expertise to standardize and implement such methods effectively.
Prior to LLMs, automation of knowledge graph generation relied on natu-
ral language processing (NLP) techniques like embedding-based and pre-trained
language models (e.g., PG-BERT), which struggled with domain ambiguity and
required large, annotated datasets, limiting scalability [12][23]. LLM-based
knowledge graph construction offers a promising alternative, enabling the

! https://www.omg.org/bpmn/
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joint extraction of entities and relations in a single step through methods such
as in-context learning and fine-tuning [6], though fine-tuning is often impracti-
cal due to resource constraints [1]. In-context learning, while more accessible,
faces challenges such as hallucinations, lack of implicit knowledge, and poor
reproducibility [13]. Recent advances incorporate domain-specific ontologies as
semantic guardrails to improve output quality, consistency, and reduce hallucina-
tions in LLM-generated knowledge graphs [17][5]. LLM-based process mod-
eling is closely linked to LLM-driven knowledge graph construction, as both
require domain-specific knowledge and produce structured outputs like graphs
or diagrammatic languages. To improve quality and reproducibility, Kourani et
al. [14] proposed a prompting strategy combining role definition as a BPMN 2.0
expert and Chain-of-Thought prompting to extract intermediate POWL graphs,
later converted to BPMN code outside the LLM. Neuberger et al. [19] exper-
imented with embedding ontology-like information in prompts to structurally
guide outputs, while Kopke et al. [16] introduced a meta-model intermediate
representation similar to ontologies to reduce prompt complexity during itera-
tive refinements. However, to the best of our knowledge, no process modeling
approach to date integrates formal ontologies with LLMs.

Ontology-based Process Modeling aims to reduce errors in manual pro-
cess design by enabling the creation of semantically precise, BPMN-compliant
models using formal ontologies. While prior approaches either focus on modeling
BPMN syntax or embedding domain-specific knowledge, they typically rely on
expert users and do not leverage LLMs for automatic generation from unstruc-
tured text. To address this limitation, we extend Process Copilot — a genera-
tive Al-based system that transforms natural language process descriptions into
BPMN 2.0 models — by integrating domain-specific ontology information into
the prompting pipeline. This enables non-experts to produce formal models via
a guided interface and LLM-powered transformation process. Building on prior
work in LLM-guided modeling [9][10], we evaluate whether ontology integration
improves the quality, consistency, and stability of the generated models. Our
evaluation compares prompting strategies — with and without ontology integra-
tion — across ten real-world processes using structural and syntactic similarity
metrics, as well as output variance.

2 Process Copilot

Process Copilot is an application to transform natural language process de-
scriptions into BPMN 2.0-compliant process models using LLMs. The generated
process models are presented in an interactive interface, allowing users to review,
edit, and refine the diagrams as needed. Additionally, it includes functionality to
export the resulting models in a format compatible with Camunda 2, enabling
seamless integration into existing workflow management systems.

% https://camunda.com/platform/modeler/
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LLMs for Process Modeling. As our work is conducted for the German
public administration, we prioritize open-source LLMs that can be deployed
on premise and perform reliably in German. We therefore tested a range of re-
cent open-source models Qwen 2.5 72B, LLaMA 3.3 70B, DeepSeek-R1 32B/8B,
Qwen 2.5 32B/1B, Qwen 2.5-Coder 32B/1B, Mistral 3.1 24B, and Pharia-1 7B
for generating process diagrams in Mermaid syntax. Only the Qwen and Mistral
LLMs consistently produced grammatically correct German Mermaid graphs
without graph syntax errors (results are not part of this paper). While these
analyses are ongoing, for the purpose of testing our central hypothesis, whether
ontologies improve model outputs, we used OpenAls GPT-40, chosen for its sta-
bility, reproducibility, and strong performance under controlled hyperparameters
(maz__tokens = 1500, temperature = 0.1, top__k = 50, top_p = 0.9). We excluded
OpenAls 08 model because of lower reproducibility and a higher hallucination
rate under comparable settings (results not published).

Prompt Engineering. We developed a hybrid approach that integrates estab-
lished prompting techniques with domain-specific knowledge and empirical ob-
servations from previous work on administrative processes. Our strategy includes
the following prompting methods: (1) Role prompting, assigning distinct re-
sponsibilities to the LLM across different phases to simulate expert behavior and
improve task-specific reliability. (2) Least-to-most prompting, where simpler
process models are generated and later integrated into more complex structures
to support gradual model construction. (3) Input enhancement, where the
initial prompt focuses on improving the quality of the user-provided natural
language description to avoid inconsistencies during information extraction. (4)
Use of JSON as an intermediate representation, serving as a bridge be-
tween text and BPMN 2.0. This choice leverages the overrepresentation of JSON
in LLM training data (especially via web graph data such as JSON-LD) and facil-
itates conversion using open-source BPMN tools. (5) Knowledge injection via
structured guidelines, including Chain-of-Thought prompting to guide the trans-
lation from text to JSON-based graph representations. (6) Ontology-guided
modeling, using a custom RDF ontology to define the elements and evaluation
criteria for process models.

The prompting methods outlined above are incorporated into the experimen-
tal prompts used to generate the process models (see Fig. 1), whose results are
presented in the following section. The design of the methodology has been re-
fined through multiple internal experiments using example cases tailored to our
real-world public administration client needs. Nonetheless, we have identified
potential areas for improvement, such as adding a dedicated BPMN 2.0 syn-
tax correction role or a preprocessing step to handle inputs containing multiple
processes. These points are discussed further in Section 4.

Ontology Usage. In this work, we investigate whether using an ontology as
context in in-context learning improves model performance and stability com-
pared to unstructured input. We adopt the same chain-of-thought prompting



OO DU W N

4 B. Caesar et al.

role_definition: |
You are an expert in BPMN 2.0 and system architecture. Your task is to design a business
process model based on a textual process description.

instruction:
Task 1. Creation of a HIGH-LEVEL model by connecting suitable BPMN 2.0 elements.
Task 2. Creation of a DETAILED model by extending and configuring the elements.

requirements:

- The model MUST be created in JSON format that complies with the **JSON SCHEMA** specified
below.

- The process MUST begin with a “Start”™ event and end with one or more “End” events.

context:
component_library: ${Component Libary}
json_schema: ${JSON Schema}

input_data: ${Corrected Process Description}

Fig. 1: Excerpt of the used prompt

approach described previously but replace the component library with an ontol-
ogy in RDF/Turtle syntax, which previous work has shown to be well-handled
by LLMs. Instead of reusing an existing BPMN 2.0 ontology ([21]), we con-
structed a simplified version tailored to our application, omitting unnecessary
details. As described above, we use a JSON-schema-based intermediate format,
which later is transformed into BPMN XML format. The JSON schema’s lim-
ited expressiveness restricts useful ontology modeling options, so we limited the
ontology to classes, subclasses, and rdfs:comment annotations. The ontology was
developed in Protégé by extracting all classes, subclasses, and their hierarchical
relationships from the BPMN 2.0 specification, following the ontology engineer-
ing methodology proposed by Hildebrandt et al. [11]. We incorporated definitions
from the BPMN 2.0 specification as rdfs:comment annotations to capture con-
cept semantics. Using the BPMN 2.0 standard as the core ontology facilitates
integration with domain-specific ontologies via ontology alignment techniques,
enabling future applications that respect the modeling guidelines of individual
public institutions. Fig. 2 depicts the class hierarchy of the BPMN ontology,
which was included in the prompt as a component library (see Fig. 1, line 16)
using RDF /Turtle syntax.

3 Quantifying the impact of ontology integration

To assess the impact of ontology integration, we compare process models gener-
ated by the Process Copilot using manually created ground-truth models as
a reference. The ground-truth models are based on anonymized administrative
processes. The LLM used is the GPT-4.0 model. We selected ten processes of
varying categories and complexity levels. For both quality and stability eval-
uations, we assess two dimensions of similarity: node similarity and structural
similarity.

Node similarity. Node similarity is computed based on entity comparison.
In a BPMN diagram, both activities and events are represented as nodes. For
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Fig. 3: Including the ontology improves model performance. The figure shows
two side-by-side dot plots comparing node similarity and structural similarity
between generated and ground-truth process models across ten different example
processes (#1 to #10). Each dot represents the result of one run (10 runs per
method per example), black lines indicate the mean similarity.

each node pair across two models, we compute the labels’ string edit distance
normalized by the maximum label length; the syntactic similarity. If the syntactic
similarity exceeds a given threshold of 0.5, the nodes are considered equivalent.
We use the threshold suggested in the corresponding paper [8]. The overall node
similarity between two models is then calculated as the normalized sum of the
syntactic similarities across matched node pairs.

Structural similarity. To assess structural

similarity, the process models are converted o Asserted v
into graphs, where nodes represent activities, 7@ ouhing

v BPMNElements
events, and gateways, and are labeled accord- ¥ ) Flowobjects

A { Activi
ingly. The structural similarity is then given v Eveﬁg"
by the normalized graph edit distance by the tormediate
total number of nodes [8]. v @ Gatowey
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formance. To evaluate performance, we ran

cach method ten times on each of the ten se-  Fig.2: Ontology class hierarchy.
lected sets of ten process examples. The re-

sults are presented in Figure 3, which shows dot plots for both metrics across
ten examples. The comparison reveals that ontology integration consistently re-
sults in higher average similarity scores. Based on a two-sided MannWhitney
U-test, there is only weak evidence of a performance difference for node similar-
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ity (p = 0.053), whereas ontology integration significantly improves performance
for structural similarity (p = 0.007).

Stability may be affected by increased complexity. The performance
evaluation indicates a greater variance in model outputs when the ontology is
incorporated. To quantify stability, we computed pairwise similarities between
all outputs within each process individually. The mean node similarity was 0.835
with ontology and 0.866 without ontology usage respectively with a p-value of
0.00009 indicating statistically significant difference. Similarly, the mean struc-
tural similarity was 0.866 and 0.875 with and without ontology usage respec-
tively, with a p-value of 0.004. In general, the similarities within each process
remain high, indicating relatively strong output stability across all processes and
both prompting strategies.

Discussion. Despite performance improvements, the absolute similarity scores
remain moderate (0.3-0.6) reflecting the inherent variability and subjectivity in
process modelling, where the lack of objectivity is a recognized challenge [2].
In addition, the ground-truth models include BPMN elements such as pools,
message flows, catch events and text annotations, which are not represented in
our component library or ontology, potentially penalizing structural mismatches
outside the expressiveness of our generation system. However, stability is slightly
lower with ontology integration, suggesting that the added semantic complex-
ity introduces more variation in how the models are generated. This effect may
stem from the expanded search space introduced by the ontology, especially in
complex scenarios. Nevertheless, this increase in variance appears modest and
does not outweigh the performance gains in model quality.

4 Summary & Outlook

This work highlights the potential of ontology-based knowledge integration to
improve the semantic and structural quality of LLM-generated process models.
While results show benefits, stability remains a concern.

Future work will explore the benefits of incorporating domain-specific ontolo-
gies. In particular, we aim to investigate algorithmic integration through con-
straints or validation to ensure consistent and accurate outputs. We also plan to
assess the performance of open source LLMs for BPMN models. Additionally,
we will evaluate Process Copilot using the PET dataset [3] to enable comparison
with related tools. The PET dataset is a corpus of business process descriptions
that are known to experts and considered relevant. This ensures comparability
across different methods. Preliminary validation indicates that Process Copilot
can already generate a wider range of BPMN element types than ProMoAI [15],
supporting more complex process models, and we intend to extend its capabilities
further by enabling BPMN subprocesses, frequently requested by our clients.

We will scale evaluations to larger datasets and may include hallucination
metrics such as GraphEval [20] for more rigorous assessment. Techniques such
as syntax correction with negative prompting, hallucination pruning [7], and
agent-based restructuring might further enhance quality. Additional directions
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include interactive model editing, ontology-guided modeling hints, and integra-
tion of open-source models to support use in privacy-sensitive domains. Overall,
unlocking the full potential of this approach will require deeper technical inte-
gration of knowledge and user-centric system design.
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