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ARTICLE INFO ABSTRACT
Keywords: The creation of Business Process Model and Notation (BPMN) models is a complex and time-consuming
Conversational process modeling task requiring both domain knowledge and proficiency in modeling conventions. Recent advances in large

Business process management
Large language models
BPMN

language models (LLMs) have significantly expanded the possibilities for generating BPMN models directly from
natural language, building upon earlier text-to-process methods with enhanced capabilities in handling complex
descriptions. However, there is a lack of systematic evaluations of LLM-generated process models. Current
efforts either use LLM-as-a-judge approaches or do not consider established dimensions of model quality. To this
end, we introduce BEF4LLM, a novel LLM evaluation framework comprising four perspectives: syntactic quality,
pragmatic quality, semantic quality, and validity. Using BEF4LLM, we conduct a comprehensive analysis of
open-source LLMs and benchmark their performance against human modeling experts. Results indicate that
LLMs excel in syntactic and pragmatic quality, while humans outperform LLMs in semantic aspects. However,
the differences in scores are relatively modest, highlighting LLMs’ competitive potential despite challenges
in validity and semantic quality. The insights highlight current strengths and limitations of using LLMs for
BPMN modeling and guide future model development and fine-tuning. Addressing these areas is essential for
advancing the practical deployment of LLMs in business process modeling.

1. Introduction While initial experiments have shown promising results in generat-
ing process models from textual descriptions, e.g., BPMN models [5,

The modeling of business processes using the Business Process Model 6], an extensive evaluation of LLMs’ capabilities for BPMN model-

and Notation (BPMN) is fundamental to organizational analysis, com-
munication, and automation [1,2]. BPMN allows practitioners to cap-
ture complex procedural knowledge in a clear, standardized form [1,
3]. Creating high-quality BPMN diagrams is, however, cognitively de-

ing remains open. Throughout the years, several process modeling
guidelines [10,11], quality assessment frameworks [12,13], and a large
amount of metrics, e.g., size, density, sequentiality, or cyclicity to

manding and time-consuming; it typically requires rare experts who assess the quality of process models in various aspects have been
master both the application domain and BPMN model’s syntax and developed [2,3,14]. These provide a valuable source for constructing an
semantics [1,2]. This reliance on scarce expertise remains a persistent assessment framework for LLM-driven BPMN modeling, which can be
challenge in business process management (BPM) [4]. used to get an objective picture of the capabilities of LLMs in this task.

Recent advances in artificial intelligence, especially large language Thereby, the strengths and weaknesses of LLMs, also in comparison

models (LLMs), now make it possible to generate structured artifacts,
including process models, directly from natural language text [5-8].
Their capabilities in interpreting and generating text underpin LLM- .
assisted process modeling and have led to conversational BPMN mod- a processual understandlng.. L

eling [9], where process models are iteratively co-constructed through Although these tools exist, they have not been applied in a system-
dialogue between humans and an LLM-powered assistant [8]. This atic manner to LLM-based BPMN modeling yet. This work aims to fill
allows faster process model construction and enables non-experts to this gap by making the following main contributions:

obtain accurate process models.

to human modelers, can be identified. This also supports the further
development of LLMs and their application to BPM tasks that demand
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1. We propose the BPMN Evaluation Framework for LLMs
(BEF4LLM) framework, building on the SIQ framework [13],
which comprises 39 metrics for assessing BPMN models across
four quality dimensions: syntactic quality, pragmatic quality,
semantic quality, and validity. The framework is specifically
designed to enable automated, large-scale evaluation of LLMs
in BPMN modeling.

2. Using the BEF4LLM framework, a large-scale benchmark of
open-source LLMs is conducted, including 17 different-sized
LLMs of various families on 105 curated text-BPMN model pairs.
This marks the first extensive benchmark of open-source LLMs
in generating BPMN models based on objective process quality
metrics, obtaining rich insights into the current LLM landscape
with regard to this task.

3. We perform a detailed analysis of the experiment results, com-
paring LLMs across quality dimensions and parameter counts
using statistical tests. Further, we compare the performance of
LLMs with human experts on a smaller subset of the data.

The findings offer a standardized procedure for evaluating LLMs
in BPMN modeling as well as concrete guidance on LLM selection
and their further development, e.g., fine-tuning requirements and open
research challenges.

The rest of the paper is structured as follows. In the next section, we
introduce and define key concepts, including business process model-
ing, particularly BPMN and its specification, process model quality, and
large language models (LLMs). Section 3 elaborates on related work,
including quality frameworks and assessment for process models, LLM
applications in BPM, and LLM benchmarks. Section 4 introduces the
BEF4LLM framework, including its quality measurement components
and metric calculation. The experimental setting is introduced in Sec-
tion 5, followed by the presentation of the results in Section 6. Section 7
discusses the results, highlighting strengths and weaknesses of LLMs in
BPMN model generation as well as limitations of our work. Finally, the
paper is concluded in Section 8.

2. Preliminaries

In this section, we present and define the basic knowledge required
to understand this paper, including business process modeling with
BPMN, process model quality, and LLMs.

2.1. Business Process Modeling Notation (BPMN)

Business process modeling refers to the systematic abstraction and
representation of organizational activities as structured process models.
Such process models capture those aspects of business processes that
are pertinent to analysis, communication, or automation objectives,
deliberately omitting extraneous detail.

Foundations and modeling elements. Among available modeling ap-
proaches, BPMN is widely adopted in the information systems (IS)
discipline due to its expressive power and its standardized graphical
notation, which is intended to be readily understandable to both busi-
ness and technical stakeholders [2,4]. BPMN specifies four principal
categories of modeling constructs [3,15]: (i) flow objects (events,
activities, gateways), (ii) connecting objects (sequence flows, message
flows, associations), (iii) swimlanes (pools and lanes), and (iv) arti-
facts (data objects, groups, annotations). In the following, we formalize
only the BPMN elements required for our framework and experiments.
A complete BPMN formalization is beyond the scope of this paper.
Consequently, we do not cover artifacts, associations, subprocesses, or
groups, and we omit an exhaustive formalization of all task and event
subtypes.
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Fig. 1. Illustrative example of a BPMN model.

customer

Structural formalization and notation. Fig. 1 presents a BPMN model
featuring two processes — one for a customer and another for an
organizational entity (“company xy”). Each process is encapsulated in
a pool PO, which may be subdivided into lanes £ to represent internal
subunits such as “logistics” or “accounting”. Collectively, pools and
lanes are termed swimlanes.

Formally, a BPMN process (set P) is modeled as a directed graph
composed of flow objects (FO) and flow connections (). Flow objects
include: events (&), partitioned into start (£3), intermediate (£'), and
end (£F) events — with message events denoted as £, &M, and
EFm; activities (A), comprising atomic tasks (7)) and subprocesses; and
gateways (), classified as parallel (Gynp), exclusive (Gxor), inclusive
(Gor), or event-based (Ggypnt), and further as split (¢S or join (¢")
gateways. Corresponding split and join gateways are formally related
via a mapping function Matchgate : ¢35 — ¢'. Exception handling is
modeled by the partial function Excp : &' — A, associating inter-
rupting intermediate events with the activities they abort. For any flow
object x € FO, label(x) retrieves its textual label (or returns @ if unla-
beled). Tasks (rectangles), events (circles), and gateways (diamonds)
are visually distinguished, with tasks typically labeled (e.g., “send
order”).

Process connectivity and control flow. Flow connections are described by
the set F C (FOUPO)x(FOUPO), partitioned into sequence flows (FS,
solid arrows) specifying intra-process execution order, and message
flows (FM, dashed arrows) representing inter-pool communication.
Message flows depict communication between pools or between a flow
object and a pool (e.g., a customer sending an order to a company). For
any x € FO, the set of incoming sequence flows is in(x) = {y € FO |
(y,x) € FS}, and the set of outgoing sequence flows is out(x) = {y €
FO | (x,y) € FS}. A path is defined as a non-empty sequence of flow
objects connected by sequence flows, from a start to an end event.

2.2. Process model quality

With process model quality, we refer to the extent to which a pro-
cess model meets certain standards and criteria. Thereby, frameworks
define the scope and terms of process model quality, while metrics
provide concrete measurements for assessing it. Those metrics enable
the measurement of certain aspects of the process model complexity,
such as size, density, partitionability, connector interplay, cyclicity,
concurrency, edge style, crossing edges, edge angles, symmetry in
blocks, as well as the consistency flow [2,16]. These evaluate the
process specifications encoded in the process model as well as the
process model layout and representation. Those metrics now allow us
to analyze and judge the process model and its quality aspects.

Several frameworks defining process model quality, like SEQUAL
[12,17] or SIQ [13], exist. We build upon the SIQ framework [13],
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Fig. 2. SIQ framework [13].

which defines process model quality in three dimensions: syntactic,
pragmatic, and semantic quality. The abbreviation SIQ also hints at its
characteristics, as “it is Simple enough to be practically applicable, yet
Integrates the most relevant insights from the BPM field, while it deals
with Quality” [13, p.171]. Thus, the intention behind building the SIQ
framework was to establish a simple process quality definition that can
easily be used in practice without neglecting important aspects of BPM
field.

The SIQ framework, as shown in Fig. 2 is based on syntactic, prag-
matic, and semantic quality aspects of process model quality displayed
in its center. The surrounding “wall” concerns the establishment of
the validity of the solution. For each of the three approaches, vali-
dation, verification, and certification, different methods can be used
to inspect the degree of validity. Lastly, the “wall of ensuring” intro-
duces the concepts of “truth-by-design”, “understandable-by-design”,
and “correct-by-design”, which aim to prevent threats to the correctness
of the resulting process model.

2.3. Large language models

We refer to an LLM as a language model, pretrained on large
amounts of text, that exhibits strong knowledge about natural language
and world facts [18]. It processes and generates natural language,
making it a generative machine learning model. LLMs are neural net-
works with (typically) billions of trainable parameters, comprising
stacked transformer blocks [19] consisting of multi-head self-attention
and position-wise feed-forward layers. Such LLMs can be prompted,
i.e., they generate answers based on the instruction in the prompt and
the input received. This makes them particularly useful for solving a
variety of tasks.

Table 1 provides an overview of open-source LLM families that
will be considered in this study, characterized by their parameter
count, i.e., the number of trainable parameters in the LLM, indicating
their size, and their context length. The context length defines the
maximum number of tokens the LLM can process at once, limiting
how much information it can take into account when generating the
output. Another important parameter for LLMs is the temperature,
which rescales the output probability distribution before sampling,
influencing randomness of the outputs [20] and is often described as
the parameter that enables creativity in LLMs.

Training LLMs is a multi-step procedure. First, the LLM is pre-
trained like other language models in a self-supervised manner by
predicting the next token in a sentence using corpora of billions of
tokens [18]. Post-training further trains the LLM to follow instructions,
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Table 1
LLM families and their main characteristics used in this study.

LLM family Release date Size Context length
Llama3 April-December 2024 8B-405B 128K
Qwen2.5 September 2024 0.5b-72B 32K & 128K
Falcon3 December 2024 1B-10B 8K-32K

Phi4 December 2024 14B 16K
Deepseek-R1 January 2025 1.5B-70B 128K

Qwen3 April 2025 0.6B-235B 40K

i.e., prompts, and to ensure that the LLM’s responses align with hu-
man needs. Therefore, during instruction finetuning, the LLM is given
instruction-response pairs, and it is trained to generate the response.
Although the LLM generates the answer by predicting token-by-token as
during pretraining, this training step is supervised since the responses
are curated with human supervision [18]. As a result, the LLM learns to
map natural language instructions to appropriate responses. Finally, to
ensure that the LLM responses align with human values and needs (and
to prevent harmful or toxic responses), the LLM is finetuned to gen-
erate responses from human feedback, often involving reinforcement
learning techniques. Note that some LLMs are not instruction-tuned,
which usually results in lower performance at following instructions in
prompts.

In order to reduce the computational and memory costs of LLMs, a
technique called quantization is often applied [21]. The idea is to re-
duce the representation of weights and activations from high-precision
data types like 32-bit floating-point to lower precision ones like 8-bit
integers, which can be processed faster by processors. Quantization
may introduce degradation in performance, particularly at very low
bit widths. The lower the target data type, the greater the precision
loss. One of the most common quantization cases is going from 32-bit
float to 8-bit integer, which typically offers a good balance between
computational costs and precision [21].

3. Related work

This section introduces relevant work regarding process model qual-
ity assessment in Section 3.1, LLMs for BPM tasks in Section 3.2,
and LLMs benchmarks, including benchmarks for LLM-based process
modeling in Section 3.3.

3.1. Process model quality frameworks and assessment

This subsection summarizes related work on process quality frame-
works and process model quality assessment. In recent work, differ-
ent frameworks defining process model quality have been presented.
SIQ [13], on which BEF4LLM builds upon as introduced in Section 2.2,
is one example of a process model quality framework. Next to the
SIQ framework, SEQUAL [22,23] is another common framework for
defining process model quality. It was first established for conceptual
modeling [22], but later revised to be more dynamic and suitable for
assessing the quality of process models [23]. It not only focuses on
a process model as knowledge, but also on it as a contribution to
knowledge when it is interpreted by a human or another intelligent
agent. As Fig. 3 shows, there are six quality dimensions, which can
be derived from the relation of the different requirements needed for
interactive process models. In [12], the SEQUAL model is specifically
tailored for business process modeling, including aspects specific to
business processes.

Other frameworks include the process modeling guidelines like
Guidelines of Modeling (GoM) [10] or the 7 process modeling guide-
lines (G7) [11]. They are meant to be used by non-experts when
creating a process model to ensure the resulting process model has
decent quality.

Process model quality assessment methods provide ways to measure
the quality of process models, e.g., through various process model
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Fig. 3. SEQUAL framework [23].

metrics. Since process modeling has so far been conducted by hu-
man experts, most work centers around quality assessments from a
human perspective. The assessments aggregate existing metrics that
measure specific characteristics of a process model. Often, the met-
rics are mapped to process quality dimensions or perspectives of the
process, to allow a better interpretation of the scores.

The work by [24] aims at measuring the pragmatic quality of a
process model using various pragmatic quality metrics. To do so, they
use the metrics to measure the degree of fulfillment of the seven
modeling guidelines G7. However, a weakness of such works is that
they focus on only one dimension, whereas a detailed analysis requires
evaluating a process model from multiple quality perspectives.

In [25], a tool is presented that evaluates the quality of business
process models based on different metrics and process perspectives. In a
first step, the quality metric framework for BPMN models is presented,
which is based on the four process perspectives: functional, behavioral,
organizational, and informational. For each dimension, multiple met-
rics are collected, which are later used to measure the quality. All in
all, the paper used 9 metrics, mostly focusing on pragmatic quality
aspects. After that, they present the implemented tool, allowing for
the assessment of the metric values for a given BPMN model. For
each process perspective, each metric is mapped to at least one of
the four quality dimensions, namely maintainability, comprehension,
reuse, and redesign. Further, for each metric, the user can provide
thresholds, which are considered optimal values for the considered
metric, along with a priority value. Based on this information, an
assessment for each quality dimension in the chosen perspective is
computed. As the thresholds are not fixed, the evaluations performed
by different individuals are not comparable, as they most likely use
different thresholds. The BPMIMA framework [26] is a framework used
to support the improvement of business process models. The framework
has three stages. It starts by measuring the process model’s quality
using empirically proven metrics. Based on this, the evaluation of
the measurements starts. As the pure numerical results for pragmatic
quality metrics are only informative for comparative purposes, they
employ thresholds for the evaluation to indicate at which value the
process quality starts to decline. Contrary to [25], empirically proven
thresholds were used, rather than user-chosen ones, enabling objective
interpretation of the metric scores. Finally, based on the evaluation
results, redesign actions are indicated, aiming at increasing the process
model quality.

The drawback of the approaches shown in [25,26] is that only a part
of the process quality is measured, as certain aspects are disregarded.
Both are neglecting the semantic quality aspects. While [25] omitted
syntactic quality aspects entirely, [26] included them partially through
the correctness dimension. However, this dimension only measures the
likelihood of an error occurring, based on different pragmatic quality
measures. But it is not examined whether the process model actually
contains errors.
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In [27], an e-assessment platform is presented that automates the
evaluation of various graphical modeling tasks by covering all three SIQ
quality dimensions, i.e., syntactic, pragmatic, and semantic quality. The
tasks can be based on different modeling languages such as BPMN, EPC,
Entity-Relationship (ER) models, UML, and Petri nets. The platform is
to be used in the context of learning and improving the competencies
needed for process modeling, e.g., for students. The assessment, as pre-
sented in [27], mainly focused on the usage of Petri nets. Four checkers
were implemented, which assess the solution of, e.g., a student, for
tasks related to graphical process modeling. For each quality dimension
of SIQ, a separate checker was implemented: a syntactic checker, a
pragmatic checker, and a semantic checker, each checking different
aspects of the quality dimension using several metrics. Moreover, they
implemented a reachability checker that focused on the specific char-
acteristics a Petri net, as a workflow net, should possess. A score for
each checker is calculated and displayed, and the issues in the process
model are marked and explained textually.

3.2. LLMs in BPMN modeling

The application of LLMs to BPM tasks has expanded rapidly, with
process modeling emerging as the most visible and mature application
area [5,28]. Prior work shows that LLMs can translate natural-language
descriptions into formal process representations (imperative and declar-
ative), supporting the extraction of activities, control-flow relations,
and constraints from text. [5,28]

Recent research increasingly operationalizes these capabilities in in-
teractive modeling assistants. [29] proposed ProMoAl, a tool that lever-
ages LLMs to generate process models from textual descriptions and
supports iterative refinement via user feedback [29]. In addition, their
broader framework evaluation reports that GPT-4 performs strongly
in process model generation, resolves encountered errors effectively,
and integrates user feedback efficiently, while another evaluated LLM
(Gemini) shows weaker results in the same setting [29]. Industry adop-
tion further underscores the relevance of LLM-assisted process model-
ing: commercial tools such as Camunda’s BPMN Copilot integrate LLM
capabilities into established BPMN modeling environments, enabling
the generation of BPMN diagrams from natural-language descriptions
and supporting follow-up modifications [30].

Alongside academic prototypes, several systems explore alternative
interaction paradigms to better align LLM assistance with established
modeling practices. HyperMod [31] exemplifies this direction by cou-
pling direct user actions on the diagram with LLM support to enable
more controllable, mixed-initiative process model construction and
revision.

Tool-oriented work also investigates how to embed LLM-based pro-
cess modeling into conversational user experiences. [32] introduces
the BPMN Chatbot, an interactive assistant for generating and refining
BPMN models. Their evaluation reports a higher average correctness
while using up to 94% fewer tokens than an alternative tool, and
includes an initial technology acceptance assessment. [33] presents
BPMN Assistant, which demonstrates that JSON-based structured rep-
resentations can be effective for process model generation and, in
particular, for manipulating and modifying process models through
LLM interaction. In [34], BPMNGen is introduced as a conversational
framework for process modeling that supports iterative refinement of
generated process models. Two expert studies evaluated the approach
with respect to semantic quality and the comprehensibility of the
produced process models, reporting that LLM-generated process models
were perceived as equally understandable as manually created ones,
and that semantic quality was at least comparable for smaller process
models but inferior for more complex process models.

Beyond process modeling, LLMs are also explored for other BPM
tasks, including support for process mining and automation-related
activities, as well as conversational interfaces for Al-augmented BPM
systems that aim to improve accessibility and explainability of BPM
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functionality [35,36]. Complementary work uses LLMs to enhance
process model comprehension by enabling question answering and
explanation over existing process models, thereby improving the in-
terpretability and accessibility of complex BPMN artifacts for broader
stakeholder groups [37].

3.3. LLM benchmarks

The rapid advancement of LLMs has led to significant progress
across many different tasks and domains. To systematically evaluate
these LLMs’ capabilities, a plethora of benchmarks have been proposed
— each designed to target different linguistic, reasoning, and domain-
specific challenges. One prominent example is LiveBench [38], which
evaluates LLMs across 21 diverse tasks in 7 domains, such as math,
coding, and reasoning. The LLMs’ performance is evaluated based on
their responses to an extensive set of over 1000 questions, which
are continually updated to reflect new information and challenges.
The LLM-generated answers are evaluated against an objective ground
truth, which serves as the basis for computing the LLM’s score. The
format of the answers and the scoring methodology are tailored to the
specific domain being assessed.

However, the diversity and specialization of LLM benchmarks have
also revealed gaps in coverage for certain domains, such as BPM, where
the unique requirements and complexities demand tailored evaluation
metrics and datasets. Recognizing this, the research community has
been making increasing efforts to establish dedicated benchmarks for
BPM-related tasks.

3.3.1. LLM benchmarks for BPM tasks

Currently, significant efforts are being made to establish compre-
hensive benchmarks for various BPM tasks, evaluating on single or
multiple tasks. Further, the evaluation of LLMs for BPM tasks can
be conducted using different approaches, as shown by [39]. The first
approach is automated, utilizing either an LLM-as-a-judge or a metric-
based method. Alternatively, evaluations can be performed by human
judges or by the evaluated LLM through self-evaluation. In the follow-
ing, benchmarks corresponding to different evaluation strategies in the
context of BPM will be presented.

In [40], a benchmark is presented testing the ability of an LLM to
generate sound answers to questions about a business process model.
For instance, on the relationship and order between tasks in the process,
or if the execution of one task causes the execution of another. These
questions can be answered with “yes” or “no”, allowing the calculation
of a score for the correctly answered questions.

Further, multiple benchmarks have been established that not only
focus on a single task in BPM but also benchmark multiple tasks
together. The benchmark by [41] tests 4 different BPM tasks: activity
recommendation, identification of RPA candidates, process question
answering, and mining of declarative process models. The benchmark
compares open-source and commercial LLMs to highlight task-specific
performance differences. WONDERBREAD [42] is the first benchmark
for evaluating multimodal foundation models (including LLMs) on BPM
tasks beyond automation. It covers different tasks like workflow doc-
umentation generation, knowledge transfer and process improvement,
or the validation of workflow completion.

The human-centered perspective is covered by [34], employing two
studies with experts to uncover the comprehensibility and semantic
quality of the LLM-generated process models.

3.3.2. LLM benchmarks for process modeling

In this part, we focus on benchmarks that evaluate LLMs’ ability to
generate imperative or declarative process models. The chatbot, called
PRODIGY, deployed at the Hilti Group [43], was evaluated based on
human judgment. To do so, PRODIGY users had to provide feedback
via a 90-minute semi-structured interview. Based on the feedback,
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the quality of PRODIGY was assessed. The evaluation is limited to 9
participants.

Most of the benchmarks previously mentioned used an automatic
evaluation procedure. The PM-LLM-Benchmark by [44] used an LLM-
as-a-judge approach. The LLM-generated process models, such as Petri
nets or BPMN models, are evaluated by an LLM that ranks them on a
scale from 1 to 10. As no ground truth is provided for the ranking, the
scoring of the LLM is rather subject to the preferences of the LLM. Fur-
ther, there is a risk that the LLM fails to recognize issues in the process
model, especially when the same LLM is used for both evaluation and
generation. The benchmark compares the LLMs on fewer than a dozen
samples. Other benchmarks implemented a metric-based approach, so
the scores for the LLMs are based on different metrics that calculate
the quality of the LLM-generated BPMN model. In [41], the generation
of declarative process models by LLMs is evaluated based on the F1-
score, with the focus on the modeling language DECLARE. To do so,
they provided a ground truth model for each textual description. As
declarative process models consist of constraints of different types, the
true positives, false positives, and false negatives for each constraint
type are assessed to calculate precision and recall for each type of
constraint, as well as across all constraint types. Based on those metrics,
the F1 score, the harmonic mean of precision and recall, is again
calculated for each type of constraint, as well as across all constraint
types. The F1 score is used as the final score for each LLM to be
compared to other LLMs.

There is already a benchmark focused solely on the generation of
process models. In [7], the ability of LLMs to generate process models
in the modeling language POWL is evaluated. The evaluation of the
outputs is done by simulating event logs from the generated process
models and comparing them, using conformance checking, against
a ground event log generated from a ground truth process model.
Additionally, they considered the time efficiency of the generation in
the evaluation. The evaluation dataset consisted of 20 business process
models.

Contrary to the LLM-as-a-judge approach as presented in [44], the
metric-based approach allows a more detailed analysis of the abilities
of LLM. This requires the use of a large number of metrics for eval-
uation. However, the previously mentioned metric-based approaches
only employ a small number of metrics, which does not allow for a
detailed analysis. Further, to provide a detailed picture, metrics for all
quality dimensions (syntactic, semantic, and pragmatic quality) must be
included in the analysis. This is a limitation of the approaches presented
by [7,411, which do not cover all quality dimensions and, e.g., miss
syntactic quality.

Human-centered evaluations have also been conducted. In particu-
lar, [34] introduces BPMNGen, a conversational framework that was
evaluated in two expert studies. The first study assessed process model
comprehensibility relative to manually modeled BPMN diagrams using
measures such as cognitive load and level of acceptability. The second
study examined semantic quality by asking experts to choose whether
the BPMNGen-generated model or the manually created model was
more suitable. However those do not allow for a scalable, automated
approach.

4. BEF4LLM - BPMN evaluation framework for LLMs

In this section, the BEF4LLM framework for evaluating LLMs’ ability
to generate BPMN models is presented. First, the motivation and goal
of the framework are shown. Following this, the elements of the frame-
work, along with the calculation of scores, are explained in greater
detail.

First experiments with LLMs showed promising results in BPMN
modeling [5,45], with differences across LLM families [44]. However,
previous work lacks a detailed assessment of the generated BPMN mod-
els based on established process model quality frameworks and metrics,
such as size, density or semantic label similarity. To fill this gap, the
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Fig. 4. BEFALLM - BPMN evaluation framework for LLMs.

BEF4LLM framework has been developed to enable a detailed and
automated evaluation of LLM-generated BPMN models, highlighting
the strengths and weaknesses of different LLMs. Similar to [27], we
extend the SIQ framework by mapping multiple process model metrics
to each quality dimension, focusing on BPMN models. We preferred
SIQ over SEQUAL because the latter includes social factors beyond the
scope of BPMN model quality assessment. To ensure a detailed picture,
it is important that each metric captures distinct aspects of the quality
dimension. Other frameworks proposed in [25,26] neglect, e.g., syn-
tactical errors, omitting important quality aspects, or rely on human
judgment [34]. Reliance on human experts limits both the scalability
and the degree of automation achievable with this evaluation approach.
Moreover, the evaluation does not provide a dedicated assessment
of syntactic quality while including semantic quality and pragmatic
aspects (e.g., comprehensibility).

In contrast, the BEF4LLM framework, displayed in Fig. 4, enables
automated assessment of BPMN model quality across four dimensions
— syntactic quality, pragmatic quality, semantic quality, as well as
validity of the BPMN XML file. The latter is required because LLMs
are generative models, which means generated BPMN XML files may
not comply with the BPMN 2.0 file format definition [46]. In contrast,
the validity of human-generated process model files is typically en-
sured by the tool used for process modeling. For instance, a graphical
modeling editor always generates a valid BPMN XML file. While a
validity check is therefore not required for human-generated BPMN
models, it is necessary for LLM-generated ones. Validity is an important
aspect since only a valid BPMN XML file can be displayed and used by
subsequent software tools. It is a single measure that evaluates whether
the generated XML file is a valid BPMN 2.0 file according to the XSD
schema.

The syntactic dimension focuses on syntactic rules that should be
obeyed when modeling a BPMN model. Thereby, universal as well
as modeling language-specific rules are included. Pragmatic quality
measures the understandability of the process model for humans using
metrics such as size, density, connector interplay, concurrency, or
partitionability. For example, there are large process models that are
precise in terms of semantic quality and comply with all modeling rules.
But due to the high number of tasks, gateways, and connections, it is
nearly impossible for a human to interpret them. However, a process
model is only useful when humans can read and interpret it, so process
modelers strive for high pragmatic quality. The semantic quality aspects
are assessed based on the similarity between the generated BPMN
models and the ground truth BPMN models. This is evaluated across
three categories: natural language, graph structure, and behavior.

In total, the BEF4LLM framework comprises 39 individual metrics:
One for validity, 16 for syntactic quality, 15 for pragmatic quality,
and seven for semantic quality. Each metric takes the generated BPMN

model as input (along with the ground-truth BPMN model for semantic
quality) and returns a value between O (worst) and 1 (best). Each
generated BPMN model is assessed in two steps. First, the BPMN
model’s validity is checked. Only valid BPMN-XML files are subse-
quently evaluated with respect to syntactic, pragmatic, and semantic
quality. This is necessary because these metrics can only be computed
reliably when the underlying BPMN-XML is free of invalid elements.
Per quality dimension, the metrics are aggregated to a single score,
i.e., Oy, for the syntactic quality, Qp,, for the pragmatic quality, and
Qqem for the semantic quality. Therefore, normalization is necessary to
ensure that all metrics are measured on the same scale, ranging from
0 to 1. As each dimension has different types of metrics, each uses
a different normalization strategy, as explained in the corresponding
section.

Further, we decided to introduce two aggregated measures Qgya
and QOoa- While Qg only aggregates the three quality scores of the
process quality dimensions, i.e., the syntactic, pragmatic, and semantic
quality, the total score Oy, additionally includes the validity. Qg is
intended to facilitate comparisons with human modeling competencies,
because validity is not a relevant criterion in this setting. Both scores
are intended to enable quick and easy comparison via a single aggregate
measure, but should not be interpreted as general-purpose quality
indicators.

We conducted a targeted literature search to identify established
metrics associated with each dimension. Because the framework is
intended to support automated evaluation, each selected metric must be
computable fully automatically from a generated BPMN-XML file and a
corresponding ground-truth process model (for semantic quality). This
implies that metrics that require manual human judgment are excluded
from the framework, as they would hinder automated, scalable evalua-
tion. To ensure reproducibility, we considered only metrics with clear
operational definitions established in prior BPMN or process modeling
research. Moreover, because the framework is applied across heteroge-
neous process models, the selected metrics must be sufficiently robust
to retain meaning across varying process model structures and sizes. For
pragmatic quality and, in part, for semantic quality, we relied on ex-
isting literature reviews that compile and categorize relevant measures
in order to select metrics suitable for our setting. For syntactic quality,
we prioritized metrics that reflect constraints defined by the modeling
language (BPMN in our case) as well as general well-formedness rules
that apply across multiple process modeling languages.

The framework provides a standardized procedure for evaluating
LLM capabilities in BPMN modeling using established metrics. Thereby,
a systematic analysis per dimension and between LLMs can be made.
However, note that the layout of the BPMN model is not part of
the assessment and therefore not checked. The layout can be added
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algorithmically to a BPMN XML file, omitting the requirement to gen-
erate it with an LLM. Further, certain BPMN elements are not covered
by this framework because our selected metrics primarily focus on
the process flow and, in particular, do not account for BPMN-specific
constructs. Specifically, we exclude artifacts, which we define as BPMN
elements that provide supplementary information but are not part of
the process flow (e.g., groups, data objects, and text annotations). So
are data objects omitted, as the data perspective is not assessed within
the chosen metrics and therefore outside the scope of our framework.
The same applies to groupings and subprocesses. Although they can
influence understandability and thus pragmatic quality, they introduce
hierarchical structures that complicate metrics such as size due to the
need to aggregate across nested graphs.

4.1. Syntactic quality

Syntactic quality concerns whether a process model follows the
rules of the modeling language. Therefore, validation metrics have
been derived from BPMN modeling rules based on [3,46], and [47].
They are summarized in Table 2 and aggregated to a score Qg,,,. We
use two types of metrics, where one is a Boolean measure that checks
whether all necessary elements exist or all mandatory regulations are
followed. The other measures the percentage of how often a certain
rule is followed.

Table 2
Metrics for syntactic quality in the BEF4LLM framework. A complete table
listing the metric formulas is provided in Table A.15.

Metric description Ref.
1 Existence of a start event [3]
2 Existence of an end event [3]
3 One start event per process [3]
4 One end event per process [31
5 Sequence-flow connection rules [46]
6 Message-flow connection rules [46]
7 Start event: in=0, out =1 [31
8 End event: in=1, out =0 [3]
9 Split gateway has matching join gateway [3]
10 Exactly one process per pool [47]
11 Each observable task has a label [46]
12 Task: in=1, our =1 [3]
13 Non-exception intermediate event: in =1, out =1 [3]
14 Exception event: in =0, our =1 [31
15 Split gateway: in=1, out > 1 [31
16 Join gateway: in> 1, out =1 [3]

The metrics include general modeling rules, such as the existence
of a start node, as well as modeling-language-specific metrics, such as
sequence flow connection rules. Boolean measures either evaluate to
0 (non-existent) or 1 (existent), e.g., the existence of a start node. A
BPMN model with no start event would receive a score of 0O for the
“existence of a start node” metric. Counting metrics are computed by
dividing the number of elements not following the rule by the total
number of elements covered by this rule. Therefore, the scores are
normalized to a range of 0 to 1. Given a BPMN model with 8 labeled
activities out of 10, the “observable task” metric would evaluate to 0.8.

4.2. Pragmatic quality

The pragmatic quality focuses on whether a process model can be
understood by a human. Thus, pragmatic quality is connected to the
way the process is modeled, but not by its content. Table 3 provides
an overview of the criteria that are used in our framework to measure
the pragmatic quality of a process model, aggregated to the quality
score Opp,g- The measurements can be categorized into six types [2],
describing different characteristics of the process model influencing
its pragmatic quality: (i) size (metrics of this type assess the overall
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Table 3
Metric set for pragmatic quality in the BEF4LLM framework. A complete table
listing the metric formulas is provided in Table A.16.

Metric Ref.
Size
1 TNN (total number of nodes) [2]
2 TNG (total number of gateways) [52]
3 TNSF (total number of sequence flows) [52]
4 TNMF (total number of message flows) [52]
5 Diameter [2]
Density
6 Density [2]
7 AGD (average gateway degree) [2]
8 CNC (connectivity coefficient) [2]

Connector interplay

9 GH (gateway heterogeneity) [2]
10 CFC (control-flow complexity) [2]
11 CC (cross-connectivity) [53]
Partitionability

12 Sequentiality [2]
13 Separability [2]
14 Depth [2]
Concurrency

15 TS (token split) [2]

size of the process model), (ii) density (includes metrics relating the
number of nodes to the number of arcs in the process model), (iii)
connector interplay (focuses on the gateways and their interplay),
(iv) partitionability (measures the relation between the subcomponents
within a process model), (v) cyclicity (refers to the presence of cycles
or loops in process models), and (vi) concurrency (metrics examine the
concurrent paths within the process model).

Normalization to scores between 0 and 1 in this dimension is done
using four empirically validated thresholds [48-51] per metric that
separate the values into five distinct groups. The thresholds for each
metric are given in Table A.18 in the Appendix. For some metrics,
e.g., token split or connectivity coefficient, greater is better, and the
function norm, (x) Eq. (2) is used. For other metrics like the total num-
ber of nodes or density, where lower is better, the function normg,.(x)
Eq. (1) is used for normalization.

1.0, ifx<n
0.75, ift; <x<1y

normg,..(x) =40.5, ift, <x<tq @
0.25, ifr3<x<iy
0, if x>14

1.0, ifx<n
0.75, ift; >x>1,

norm, (x) =905, ifty>x>1g (2)
0.25, ift3>x>1y
0, if x>14

For example, consider a BPMN model with 45 nodes, for which the
TNN (total number of nodes) metric is computed. The thresholds #; to
t,4 for this metric are given by [48] as follows: 1; = 29.9, 1, =43.7, t3 =
58.1, and t, = 81.1. For this metric, a lower number of nodes makes
the BPMN model easier to understand, which is why the descending
normalization function norm,.(x) is used. Since 45 > 43.7 and 45 <
58.1, the score 0.5 is assigned, i.e., group 3.

Cyclicity, frequently employed as a pragmatic measure, is not in-
cluded in the BEF4LLM framework because existing research does
not provide multiple thresholds for cyclicity metrics, which prevents
categorization of these metrics in a manner consistent with the other
metrics used in the framework.
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Various studies [48,50,51,54] have employed threshold-based prag-
matic quality measurement approaches to group metric values, utilizing
different numbers of thresholds and corresponding groups. Some pro-
vide a binary classification, categorizing into the groups “easy to
understand” and “difficult to understand”, while others employ 4 or
5 thresholds, resulting in 5 or 6 distinct groups. Since a classification
based on 4 thresholds was available for more metrics than one based
on 5 thresholds, we opted to use 4 thresholds per metric, resulting in a
fine-grained assessment into 5 distinct groups. However, this decision
also affected the selection of the metrics for this dimension. Although
additional metrics appeared reasonable to include (e.g., cyclicity), we
excluded them because no consistent assignment to our pragmatic
quality categorization was available.

Because pragmatic quality is computed from metrics capturing
model size and structural complexity, its score decreases as a process
model becomes larger and more complex. However, “simpler” is not
always better, since some process descriptions inherently require larger
and more complex models. Pragmatic quality should therefore be
interpreted in conjunction with the other BEF4LLM dimensions —
especially semantic quality — rather than in isolation, as it primarily
reflects the potential comprehension costs of a generated model. In
this setting, pragmatic quality enables the analysis of which LLMs can
represent complex processes at comparatively lower comprehension
costs. To better understand the drivers of a low pragmatic score, it is
useful to inspect not only the aggregated pragmatic score but also the
subgroup scores (e.g., size and density). This helps identify whether
specific metric groups, such as size-related metrics, disproportionately
contribute to the decline in pragmatic quality.

4.3. Semantic quality

Semantic quality addresses what a process model says about reality:
every true statement about the target process must be present (com-
pleteness) and every statement contained in the process model must, in
fact, be true (validity). Directly verifying these properties against the
real world is impractical, so we compare a candidate process model
M, = (N, E,,t,) with a ground-truth process model M, = (N,,E,,7,)
that is assumed to be both complete and valid. The closer M, resembles
M,, the higher its semantic quality.

Table 4
Metric set for semantic quality in the BEFALLM framework. A complete table
listing the metric formulas is provided in Table A.17.

Metric Ref.

Natural-language similarity

1 Syntactic label similarity [55]
2 Semantic label similarity [55]
3 Context similarity [55]

Graph-structure similarity

4 Graph-edit distance [55]
5 Common nodes and edges [56]

Behavioral similarity

6 Causal-footprint overlap
7 Dependency-graph overlap

[55,57]
[55,57]

We employ automated similarity measures from three groups iden-
tified by [14]: (i) natural-language similarity, which judges how well
node labels match on syntactic, semantic, and neighborhood-context
levels; (ii) graph-structure similarity, which compares the models’
topology via graph-edit distance and the share of common nodes and
edges; and (iii) behavioral similarity, which contrasts their execution
semantics using causal footprints and dependency graphs (see Table
4). Human-estimation and “other” measures are omitted because the
evaluation must run without manual intervention.
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The measurements in this quality dimension also have inherent
limitations. Semantic quality is assessed via similarity to a ground-
truth model, which constrains the evaluation to what is expressed in
that reference. Label-based similarity metrics further restrict the as-
sessment by approximating equivalence through one-to-one matching,
even when employing synonym handling and related techniques, and
may therefore penalize valid alternative phrasings or differences in
granularity.

4.4. Validity

Validity is a single measure that checks whether the BPMN XML file
is parsable, allowing the process model to be displayed and processed
by subsequent software. This is important because BPMN models are
intended to be read and used by humans, for which visualization is
crucial. Although validity could be considered part of syntactic quality,
because errors in the BPMN XML file can be interpreted as syntactic
errors, we decided to decouple this measure. The rationale is that
validity serves as a gatekeeping criterion as the remaining metrics can
only be computed if a valid BPMN XML file is available. Moreover,
validity and syntactic quality operate at different layers. While syn-
tactic quality captures conformance to BPMN modeling rules, validity
captures conformance to the BPMN XML schema.

We check the validity Q,, of the BPMN XML based on the XSD
schema,’ containing all structural and formal constraints that the BPMN
XML must adhere to according to the BPMN 2.0 convention using the
following formula Eq. (3).

1.0, if BPMN XML is valid
Oyal = 3

0.0, else
4.5. Aggregation

We aggregate the metrics first per dimension, followed by aggregat-
ing the dimension scores into overall scores. Since all metrics within a
given quality dimension are normalized using the same strategy, the
resulting metric scores are directly comparable and can be aggregated
at the dimension level. Normalization alone does not guarantee that
all metrics are fully comparable or that their aggregation forms a
theoretically validated quality construct, so the aggregated scores are
best understood as descriptive summary indices for benchmarking and
comparison purposes. As we currently lack empirical evidence that any
metric should receive a higher weight than the others, we aggregate the
metrics by taking their arithmetic mean, thereby avoiding favoring an
individual metric. This choice is therefore a transparent baseline aggre-
gation strategy rather than a claim of empirically grounded weighting
or linear contribution of all metrics.

For example, to compute the quality score for the syntactic quality
dimension Qg,,, we sum the individual metric scores and divide by the
number of metrics applied. Eq. (4) gives the formula for that dimension
where score(m) gives the score of a certain metric m.

ZmEmetricsSyn score(m) Z,,,E,,,e,,,»csw score(m)

0y, = = @

[metricsgy,| 16

For easier comparison, we introduce two more measures that aggre-
gate the dimension quality scores. Similar to the aggregation within the
quality dimensions, we found no empirical evidence that any quality
dimension should be considered more important than the others. There-
fore, we adopted equal weighting across dimensions. Eq. (5) shows
Ogual as the average of the three quality dimension scores, while Qg1
shown in Eq. (6), is the average over the three quality dimension scores
and the validity score. Note that those two scores are therefore also in

1 https://github.com/bpmn-io/bpmn-moddle/tree/main/resources/bpmn/
xsd.
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the range between 0 (worst) and 1 (best). Since both lack empirical
validation, they should not be interpreted as a general quality indicator;
they are simply aggregations of the individual quality dimensions.
Qxyn + Qprag + Qsem

3

OQsyn + Oprag + Osem + Oval
Ororal = syn prag4 sem val ©)

)

Qqual =

5. Experiment settings

In the following, we explain how we conducted the benchmark,
evaluating the ability of several open-source LLMs to generate BPMN
models based on textual descriptions. With the help of the benchmark,
we want to answer the following questions:

1. Which LLMs are the best to use for process modeling based on a
textual description?

2. How far does the size of the LLM influence the quality of the
generated process models?

3. What is the difference in the quality of a process model gener-
ated by an LLM in contrast to a process model modeled by a
human?

To answer those questions, the BEF4ALLM framework and the differ-
ent quality scores are used. The individual scores provide a detailed
picture of the process modeling abilities of different LLMS, while the
O gual score allows for comparing the quality of human-generated BPMN
models with that of LLM-generated ones. Next, the concrete procedure,
including prompting, LLM choices, and the implementation details, is
shown. This setting is largely similar to the one presented in [8].

With this experiment, we aim to establish a baseline evaluation.
Accordingly, the research questions stated above are addressed using a
basic prompting setup, without additional adjustments such as training,
intermediate representations, or advanced prompting strategies. The
implementation of the framework, LLM experiments, and the datasets
used are available at https://gitlab-iwi.dfki.de/lauer/bef4llm.

5.1. Procedure

Fig. 5 illustrates the complete procedure, including the input and
prompts for the LLM, the refinement loop, and the evaluation steps.
Initially, the LLM receives a system prompt, explaining the general
setting with a single example, i.e., a one-shot prompt.> The system
prompt also explains that no layout should be generated by the LLM.
After that, a modeling prompt containing the textual description of the
BPMN model to generate is sent to the LLM. The LLM then returns its
response, which should be the BPMN model in XML. If the BPMN XML
file returned by the LLM is invalid, a refinement loop is started. Here,
a refinement prompt is sent, stating which errors the BPMN XML file
contains and that it should be fixed. Note that only one refinement per
description is done. Next, the BPMN XML file is checked for validity;
if it is valid, the process model quality scores O, Oprag, and Ogem
are calculated. If the validity evaluation fails, no quality scores are
computed but only Q.

5.2. LLM selection and configuration

The goal in this experiment is to compare the process modeling
abilities of open-source LLMs of different sizes and architectures. We in-
cluded different types of LLMs, such as non-thinking LLMs
(e.g., Qwen2.5), Mixture-of-Expert (MoE) based ones (e.g., Qwen3),
and thinking LLMs like Deepseek. To measure the influence of the
parameter size for the LLM version, at least two different parameter

2 For more details, see Section 5.3.
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Fig. 5. Complete procedure to conduct the experiment for one LLM.

sizes for each LLM family were tested, if possible. Table 5 summarizes
the LLMs that were tested. The LLMs are grouped by parameter count:
smaller than 7b as small LLMs, between 7b and 14b as mid-sized LLMs,
and over 14b as large LLMs.

The temperature was set to 0.1 to encourage strict adherence to the
prompt instructions, in particular, the BPMN 2.0 constraints required
to produce a valid BPMN-XML file. We did not use a temperature
of 0, which would result in greedy decoding (selecting the highest-
probability next token), as it can still yield non-deterministic behav-
ior in practice and provides no controlled flexibility for interpreting
ambiguous process descriptions. At a temperature of 0.1, generation
remains concentrated on high-probability tokens while allowing limited
stochasticity, which we found preferable for this task. This allows the
LLM to produce slight variations in the expected structure, such as
alternative control-flow paths or task labels, while still adhering to the
given instructions. For the same reason, we refrained from using a seed.
To ensure a good balance between accuracy and memory usage, we
decided to use 8-bit quantized LLMs. We preferred to use the instruction-
tuned variants of the LLMs, indicated by the instruction tag in Table 5.
Those are trained to follow instructions and are therefore more likely to
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Table 5

Information Systems 142 (2026) 102761

LLMs used for the experiments with their respective Ollama tag.

LLM familiy Small (<7B)

Medium (>7B & <14B)

Large (>14B)

Llama3 llama3.3:1b-instruct
Qwen2.5 qwen2.5:1.5b-instruct
Qwen3 qwen3:1.7b

Deepseek (Llama)
Deepseek (Qwen)
Phi4

Falcon

deepseek-r1:1.5b-qwen-distill

falcon3:1b-instruct

llama3.3:8b-instruct
qwen2.5:14b-instruct
qwen3:14b, qwen3:30b-a3b
deepseek-r1:8b-llama-distill

llama3.3:70b-instruct
qwen2.5:32b-instruct
qwen3:235b-a22b
deepseek-r1:70b-1lama-distill

deepseek-r:14b-qwen-distill
phi4:14b
falcon3:10b-instruct

generate useful BPMN models. However, for some LLM families, such as
Qwen3 or Deepseek-R1, no instruction-tuned variants are available, so
we resorted to non-instruction-tuned variants. For the context length,
we used a fixed value of 40k, ensuring that the context always captures
the length of the modeling and refinement prompt.

5.3. Prompting

For the experiment, a system prompt, a modeling prompt, and an
error-handling prompt were used.

System prompt. Before the LLM is given the textual description of
the process, the system prompt outlines the tasks, the input, and the
expected output. We opted for role prompting in the system prompt,
explaining the LLM’s role in the interaction. Further, a single output
example is provided in the system prompt (without a matching input),
i.e., one-shot prompting, to ensure the output matches the expected
output format (see Fig. 6).

#+#+4 Your Role:

You are an expert in modeling business processes...

#+#+4 Guidelines:

1. *BPMN XML Format**: ...

#4444+ Template for an BPMN XML

<definitions>....

## Output: As an output, a BPMN in XML format is needed...
##+4 Example Output:

<?xml version=*1.0" encoding="UTF-8"7>...

Fig. 6. System prompt [8].

Modeling prompt. The modeling prompt instructs the LLM to generate
a BPMN model based on a textual description. In contrast to [8], where
the modeling prompt is limited to a textual description, our approach
utilizes a more comprehensive prompt that includes an instruction
requiring the LLM to generate a BPMN XML file, followed by a detailed
textual description. Note that each textual description is processed
individually by one LLM call, which does not contain information from
previous calls (see Fig. 7).

Create a BPMN model in XML format for the following textual description of a
process. Make sure to follow the BPMN 2.0 modeling guidelines.
If goods shall be shipped, the secretary clarifies who will do the shipping...

Fig. 7. Modeling prompt.

Refinement prompt. Using the refinement loop, the LLM is given the
chance to correct the generated BPMN XML file once. If the XML
validation fails, the refinement prompt instructs the LLM to fix the
invalid BPMN XML file. To guide the LLM, a list of the most common
mistakes, along with the actual mistakes found by the XML validator,
is added to the prompt. Note that the validation can also fail if the LLM
generated no BPMN XML file, but any other textual process description
(see Fig. 8).

10

It seems that the BPMN XML format is invalid. Ensure that:
- the id of the elements are unique

Make sure to correct all the mistakes given in the following list:
- missing targetRef for sequenceFlow 123

Fig. 8. Refinement prompt [8].

5.4. Data description

To obtain reliable results, a high-quality dataset is required. Further,
since the semantic quality dimension requires a ground truth BPMN
model for comparison, pairs of textual descriptions and BPMN process
models are needed. The ground truth BPMN model must be of high
quality and, more importantly, capture all the semantic aspects of the
process as defined by the textual description. Therefore, we manu-
ally searched for high-quality text-BPMN pairs in publicly available
datasets.

Table 6 lists the four datasets found, with the number of textual
descriptions and corresponding BPMN models per description. Each
dataset is created by an expert, ensuring that the textual descriptions
and the corresponding ground truth BPMN models are of high quality.

Table 6

Details on the datasets used [8].
Dataset Textual BPMNs per Language

descriptions description

Camunda® 8 1 EN, DE
BPMN text and model [58] 24 6-12 EN
Dataset for LRE original” 48 1 EN
Dataset for LRE new"” 25 1 EN
Total number of text-model pairs 105

a https://github.com/camunda/bpmn-for-research.

b https://github.com/setzer22/alignment_model_text/tree/master/datasets.

In total, 105 text-BPMN model pairs have been built, each constitut-
ing a single sample. Each sample has been verified manually for high
quality. From the BPMN models in [58], which have a quality ranking
from 1 to 5, only those with the highest quality ranking were chosen.

5.5. Quality score calculation & implementation details

For each sample, the Q,, score is computed. The quality scores
Ogyns> Oprag> and Oy, can only be computed if the resulting BPMN is
valid. Similarly, if the LLM did not return a result after six minutes, the
attempt was treated as invalid, and no quality scores were calculated
for this sample. This issue occurred randomly, without any pattern or
relation to a specific sample. Therefore, we attribute this to the LLM
generating text infinitely, which is a technical issue. Additionally, if
the resulting BPMN model contains fewer than 2 nodes (all ground
truth BPMN models have more than 2 nodes), no quality scores can be
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calculated, and the run is also counted as invalid. Therefore, the O,
can only be 1 if and only if a valid BPMN XML file with at least two
flow objects has been returned after 6 min. Otherwise, the score is 0.

Since we intentionally created variation in the generated BPMN
models by setting the temperature to 0.1, five runs per sample are
conducted and averaged. In total, for each LLM, 5 runs for each of the
105 samples are performed and averaged. In the results section, we
will report the average values, denoted by Q, for all scores introduced
previously.

Server details. The experiments ran on a server equipped with two
AMD EPYC 9474F CPUs (96 cores total), 1.2 TB DDR5 RAM, NVIDIA
H200 NVL GPU (141 GB VRAM), PCle Gen5 support while running
Ubuntu 24.04 and CUDA 12.4. For the inference framework, ollama
0.9.6 was used. The GPU has sufficient capacity to handle the required
context lengths and processes one request at a time. The runtimes per
LLM differed significantly. The whole experiment, with a total of 8925
BPMN model generations, * took around 5 days to finish.

5.6. Statistical evaluation

To determine if the observed performance variations between LLMs
were statistically significant, we adopted a robust, non-parametric
evaluation framework. This approach was chosen because our quality
scores are ordinal (rank-based) and our dataset has missing values
whenever an LLM fails to produce a valid BPMN XML file, making
standard parametric tests unsuitable.

Our analysis began with a global test using the Skillings-Mack
test [59], selected for its unique ability to handle missing data when
other methods like the Friedman test would fail. This test ranks the
valid LLM outputs for each prompt to determine whether significant
performance variations exist across the entire group, yielding a test
statistic T that is compared against a y2 distribution. Once a global
effect was confirmed, we described each LLM’s performance by calcu-
lating the mean score () of its valid outputs.

Finally, to isolate specific performance gaps, we conducted head-to-
head comparisons using the Wilcoxon signed-rank test [60], a powerful
method chosen because our data consist of paired samples (i.e., two
LLMs evaluated on the same textual description) and does not assume
a normal distribution. To ensure the integrity of these multiple compar-
isons, we applied a strict Bonferroni correction, a conservative method
designed to rigorously prevent false positives. This technique adjusts
each raw p-value p from the m tests to Pagj = min(mp, 1), and a difference
was only deemed significant if this adjusted value fell below 0.05.

6. Results

This section summarizes the empirical findings and is structured
around three research questions. Section 6.1 compares the quality of
BPMN models generated by the LLMs. Section 6.2 investigates how the
size of LLMs influences process model quality. Section 6.3 benchmarks
the best-performing LLMs against human modelers. Together, these
results describe the current strengths and limitations of LLM-based
process model generation and set the stage for the following discussion.

Exclusion of LLMs. During the experiments, we observed that some
LLMs, especially small ones with fewer than 7B parameters, often
generated invalid BPMN XML files. For instance, deepseek-r1:1.5b-qwen-
distill generated not a single valid BPMN XML file, and llama3.2:1b only
an average of 1.4 BPMN XML files across the 5 runs.*

Even though a dedicated metric, Q,,, exists to assess performance
in generating a valid BPMN XML file, the underperformance of these

3 17 LLMs, each being tested on 105 text BPMN model pairs 5 times, results
in 8925 runs.
4 Results for these LLMs can be found in the Appendix in Table B.19
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LLMs would distort the overall interpretation of the results and the
statistical tests. Therefore, we considered only LLMs in the results that,
on average across all 105 samples and five runs, produce at least 30
valid BPMN XML files. We used the formula Eq. (7) to compute the
average number of valid BPMN XML files across all five runs, where
VBMPR, is the number of valid BPMN XML files in run i.
>> | VBMPR,
—_— 7
5

If an LLM was unable to generate 30 valid BPMN XML files on
average, i.e., AVBM < 30, it was not considered. Six LLMs were not
able to generate a sufficient number of valid BPMN XML files, which
reduces the number of LLMs analyzed in the following to eleven.®

AVBM =

6.1. RQ 1 - Comparative quality of LLM-generated BPMN models

This subsection answers RQI by examining how the eleven eval-
uated LLMs differ in their capacity to transform textual descriptions
into high-quality BPMN models. Section 6.1.1 first tests for overall per-
formance variation across LLMs. Section 6.1.2 then profiles individual
strengths and weaknesses statistically. Lastly, Section 6.1.3 pinpoints
pairwise differences with rigorous statistical contrasts. Together, these
analyses establish a clear ranking of current LLM families and provide
the empirical basis for the following analysis.

6.1.1. Global equality tests across LLMs

Before examining individual LLMs, we verify whether genuine vari-
ation exists across the quality dimensions. We only test the three
criteria, syntactic, pragmatic, and semantic quality. Validity is intrinsi-
cally handled by the Skillings-Mack design matrix through structurally
missing values and therefore requires no separate test. Formally, we
tested the following global null hypothesis:

Hy: All eleven LLMs generate BPMN models of equal pragmatic, seman-
tic, and syntactic quality.

This preliminary step ensures that subsequent descriptive and pair-
wise analyses are statistically meaningful. The results of the global
Skillings-Mack tests are summarized in Table 7.

Table 7

Global Skillings-Mack test results across quality dimensions.
Quality Test df p-value Conclusion
dimension statistic (T)
Syntactic 313.78 10 <10715 Reject Hy: LLMs differ significantly
Pragmatic 170.34 10  <0.001 Reject Hy: LLMs differ significantly
Semantic 310.92 10 <0.001 Reject Hy: LLms differ significantly

Three key insights follow from these results. First, the global null
hypothesis of equal performance across the eleven LLMs is decisively
rejected for all three dimensions, confirming the existence of genuine
quality differences. Second, the magnitude of the test statistic T ap-
proximately doubles from pragmatic to semantic quality and slightly
increases further for syntactic quality. This pattern indicates increasing
differentiation in performance as the evaluation criteria shift from
subjective readability towards more objective, rule-based correctness.
Third, despite substantial data sparsity, all tests retained a full-rank
covariance matrix. This provides assurance that the observed data are
sufficiently interconnected to support robust statistical conclusions.
Having confirmed significant global differences, we proceed in the
following subsections to detailed descriptive statistics (Section 6.1.2)
and controlled pairwise comparisons (Section 6.1.3), aimed at precisely
identifying the nature and extent of these differences.

5 In the end, the following LLMs were dropped: deepseek-r1:1.5b-
qwen-distill, deepseek-r1:8b-llama-distill, falcon3:3b-instruct, llama3.2:1b-instruct,
qwen2.5:1.5b-instruct, qwen3:1.7b.
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Table 8

Results of the first experiment.
LLM Validity Process model quality Total scores

Qual AVBM Qgyn Qprag Qsem Qqual Qotal

deepseek-r1:14b-qwen-distill 0.6362 66.8 0.8548 0.8841 0.5270 0.7553 0.7114
deepseek-r1:70b-llama-distill 0.7905 83 0.8708 0.8636 0.5609 0.7651 0.7560
falcon3:10b-instruct 0.3067 32.2 0.9082 0.8837 0.5544 0.7821 0.6475
llama3.1:8b-instruct 0.7067 74.2 0.8597 0.8954 0.5389 0.7647 0.7347
llama3.3:70b-instruct 0.9733 102.2 0.8955 0.8721 0.5747 0.7808 0.8143
phi4:14b 0.5848 61.4 0.8580 0.8710 0.5666 0.7652 0.7056
qwen2.5:14b-instruct 0.5467 57.4 0.8076 0.8907 0.5521 0.7501 0.6873
qwen2.5:32b-instruct 0.5105 53.6 0.8782 0.8834 0.5768 0.7795 0.6984
qwen3:14b 0.6533 68.6 0.8643 0.8995 0.5720 0.7678 0.7250
qwen3:30b-a3b 0.4895 51.4 0.8792 0.8877 0.5485 0.7718 0.6862
qwen3:235b-a22b 0.5771 60.6 0.8790 0.8537 0.5620 0.7649 0.7036

6.1.2. Descriptive performance profiles by LLM

Table 8 shows that no single LLM achieves the highest score in all
quality dimensions. falcon3:10b-instruct achieved the highest syntactic
quality score (0.9082), reflecting its superior adherence to BPMN
syntax rules. Pragmatic quality was highest in qwen2.5:14b-instruct
(0.8907), indicating that the generated BPMN models are easy to
understand. In terms of semantic quality, gwen2.5:32b-instruct showed
the highest score (0.5768). llama3.3:70b-instruct excelled significantly
in validity, producing valid XML structures in 97.33% of cases. Al-
though falcon3:10b-instruct had the highest combined process score
Oqual (0.7821), when validity is not considered, llama3.3:70b-instruct
emerged as the overall best-performing LLM with a Qg score of
0.8143. A detailed analysis reveals consistent strengths and weaknesses
across the evaluated LLMs. Syntactic quality was robust across all LLMs
(scores consistently above 0.75), and the pragmatic quality remained
high (scores exceeding 0.8). However, semantic quality consistently
lagged behind.

6.1.3. Pairwise performance contrasts

To localize the quality gaps identified in the global and descriptive
analyses, every admissible pair of checkpoints was compared with a
Wilcoxon signed-rank test, applied independently to syntactic, prag-
matic, and semantic scores. Each test used only those samples for
which both LLMs produced a valid BPMN XML file. Raw probabilities
were Bonferroni-adjusted to hold the family—wise error rate at a =
0.05. All results can be found in Tables 9, 10, and 11. Rows labeled
“n.s”. indicate that the adjusted probability exceeded the significance
threshold.

Overall, significant contrasts are largely driven by weaker LLMs,
most notably qwen3:235b-a22b, deepseek-r1:70b-llama-distill, and
falcon3:10b-instruct. Once these LLMs are set aside, pragmatic quality
differences among the remaining systems vanish beneath the detection
limit, whereas syntactic and semantic quality still display measurable
separations. A clear hierarchy emerges in the syntactic and semantic
dimensions, with llama3.3:70b-instruct consistently positioned as a top
performer.

Syntactic quality shows a notable trend, with 25 of 55 contrasts
yielding statistically significant results (see Table 9). The results reveal
a clear performance stratification. lama3.3:70b-instruct and
qwen2.5:14b-instruct are the most structurally robust LLMs, with the
former achieving the single most decisive victory against any other
LLM in the entire analysis. Conversely, falcon3:10b-instruct consistently
produces less syntactically correct BPMN models than its peers. While
several high-performing LLMs show no statistically significant differ-
ences among themselves, the hierarchy confirms that rule conformance
has not yet reached parity across the full distribution.
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Table 9
Wilcoxon contrasts for the syntactic quality (Bonferroni-adjusted). “n.s.” de-
notes p,q; > 0.05.

Paired cases

Better LLM Worse LLM Padj
llama3.3:70b-instruct qwen2.5:14b-instruct 4.39x 1073 283
qwen2.5:14b-instruct deepseek-r1:70b-llama-distill 1.69 x 101 233
qwen2.5:14b-instruct qwen3:235b-a22b 454x1071% 195
qwen2.5:14b-instruct qwen3:30b-a3b 1.54x 10713 145
Illama3.3:70b-instruct phi4:14b 2.55x 10713 299
qwen2.5:14b-instruct qwen2.5:32b-instruct 6.82x 10712 141
qwen2.5:14b-instruct falcon3:10b-instruct 9.96 x 10712 96
llama3.3:70b-instruct deepseek-r1:14b-qwen-distill 2.03 x 10~1! 324
llama3.3:70b-instruct llama3.1:8b-instruct 3.48 x 10710 364
qwen3:14b qwen2.5:14b-instruct 1.84x107% 186
deepseek-r1:14b-qwen-distill falcon3:10b-instruct 1.50 x 1077 108
llama3.3:70b-instruct deepseek-r1:70b-llama-distill 2.86 x 107% 405
qwen2.5:14b-instruct phi4:14b 4.58x107% 179
Illama3.1:8b-instruct qwen2.5:14b-instruct 8.31x107% 210
qwen2.5:14b-instruct deepseek-r1:14b-qwen-distill 1.11 x 107 191
qwen3:14b llama3.3:70b-instruct 1.44x107% 308
llama3.1:8b-instruct falcon3:10b-instruct 7.54x 1079 121
phi4:14b falcon3:10b-instruct 9.68 x 107% 101
deepseek-r1:70b-llama-distill falcon3:10b-instruct 521 x 10794 134
deepseek-r1:14b-qwen-distill qwen3:30b-a3b 6.66 x 107 147
phi4:14b qwen3:235b-a22b 8.57 x 10794 204
qwen3:14b falcon3:10b-instruct 7.18 x 107% 100
deepseek-r1:14b-qwen-distill qwen3:235b-a22b 7.20x 10793 228
llama3.3:70b-instruct qwen2.5:32b-instruct 3.93x 10792 262
llama3.1:8b-instruct qwen3:235b-a22b 4.72x107%2 25

All remaining 30 pairs: n.s.

Across the pragmatic quality matrix, 27 of the 55 possible pairs
remain significant after adjustment, a figure that represents just under
one half of the admissible comparisons (see Table 10). Every highly
significant contrast places either Deepseek-r1 70b or Qwen3 235b-a22b
on the lower side. No comparison between two of the strongest LLM
approaches is significant. The pragmatic quality has therefore reached
a practical ceiling: once the median score approaches 0.90, residual
differences become too small to detect under the stringent Bonferroni
correction.

Semantic quality displays the clearest hierarchy, with twenty-seven
of the fifty-three admissible pairs remaining significant (see Table
11). llama3.3:70b-instruct establishes itself as the front-runner, showing
statistically reliable separation from nearly all other LLMs. The most
pronounced gaps appear between this top performer and the weakest
LLMs for this task, namely deepseek-r1:14b-qwen-distill and qwen3:235b-
a22b. Semantic quality, therefore, remains a key dimension in which
meaningful differences can be observed among the best open-source
LLMs.
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Table 10
Wilcoxon contrasts for the pragmatic quality (Bonferroni-adjusted). “n.s.” de-
notes p,q; > 0.05.

Better LLM Worse LLM Padj Paired cases

llama3.18b-instruct
llama3.18b-instruct
qwen2.5:14b-instruct
qwen2.5:14b-instruct

qwen3:235b-a22b 7.95x 1071¢ 251
deepseek-r1:70b-llama-distill 2.54 x 10~'3 300
qwen3:235b-a22b 2.77 x 10712 195
deepseek-r1:70b-llama-distill 1.50 x 10710 233

llama3.370b-instruct 1lama3.18b-instruct 1.52x107° 364
qwen3:14b llama3.18b-instruct 2.75x107° 235
qwen2.5:14b-instruct phi4:14b 4.34x10°% 179
deepseek-r1:14b-qwen-distill qwen3:235b-a22b 463x107% 228
qwen3:30b-a3b qwen3:235b-a22b 6.41x10°% 189
llama3.370b-instruct qwen2.5:14b-instruct 1.68x 1077 283
qwen3:14b qwen2.5:14b-instruct 2.54x 1077 186
qwen2.5:32b-instruct qwen3:235b-a22b 1.29x10°° 191
deepseek-r1:14b-qwen-distill deepseek-r1:70b-llama-distill 2.04 x 10~® 267
llama3.18b-instruct phi4:14b 6.10x 107> 230
qwen2.5:14b-instruct qwen3:30b-a3b 245x107* 145
qwen3:14b qwen2.5:32b-instruct 1.48x 1073 166
llama3.18b-instruct qwen3:30b-a3b 1.55%x 1073 183
qwen2.5:14b-instruct qwen2.5:32b-instruct 1.81x10°% 141
1lama3.370b-instruct qwen3:235b-a22b 2.09%x1073 335
qwen3:14b deepseek-r1:14b-qwen-distill 3.79 x 10-3 217
qwen2.5:14b-instruct falcon3:10b-instruct 541x107° 96

llama3.18b-instruct falcon3:10b-instruct 120x1072 121
qwen3:14b qwen3:30b-a3b 1.53x1072 170
qwen2.5:32b-instruct deepseek-r1:70b-llama-distill 2.06 x 1072 204
phi4:14b qwen3:30b-a3b 2.59x1072 147
phi4:14b qwen3:235b-a22b 3.84x1072 204
llama3.370b-instruct deepseek-r1:70b-llama-distill 5.00 x 1072 405

All remaining 28 pairs: n.s.

Table 11
Wilcoxon contrasts for the semantic quality (Bonferroni-adjusted). “n.s.” de-
notes p,q; > 0.05.

Better LLM Worse LLM Padj Paired cases

Illama3.370b-instruct deepseek-r1:14b-qwen-distill 3.65 x 10719 324
Illama3.370b-instruct llama3.18b-instruct 6.29 x 1071 364
deepseek-r1:14b-qwen-distill qwen3:235b-a22b 1.02 x 10714 228
deepseek-r1:14b-qwen-distill phi4:14b 2.71 x 10712 201
Illama3.18b-instruct qwen3:235b-a22b 5.88 x 10712 251
qwen3:14b deepseek-r1:14b-qwen-distill 6.89 x 10712 217
deepseek-r1:14b-qwen-distill qwen2.5:32b-instruct 4.92x1071° 175
Illama3.370b-instruct qwen2.5:14b-instruct 1.85x 107 283
deepseek-r1:14b-qwen-distill deepseek-r1:70b-llama-distill 2.43 x 10~% 267
llama3.18b-instruct phi4:14b 2.89 x 1079 230
deepseek-r1:14b-qwen-distill qwen3:30b-a3b 1.60 x 10797 147
Illama3.18b-instruct deepseek-r1:70b-llama-distill 1.39 x 10~°¢ 300
qwen3:14b llama3.18b-instruct 6.83x107% 235
llama3.18b-instruct qwen2.5:32b-instruct 9.84x107% 194
qwen3:30b-a3b qwen3:235b-a22b 3.84x107% 189
llama3.370b-instruct qwen3:30b-a3b 4.73x107% 251
qwen2.5:14b-instruct phi4:14b 5.62x107% 179

qwen3:14b qwen2.5:14b-instruct 6.23x107% 186
phi4:14b falcon3:10b-instruct 9.09x107% 101
llama3.370b-instruct falcon3:10b-instruct 1.12x 107 156
Illama3.370b-instruct deepseek-r1:70b-llama-distill 1.12 x 1073 405
qwen3:14b qwen3:30b-a3b 4.86x107% 170
qwen2.5:14b-instruct deepseek-r1:70b-llama-distill 1.24 x 1072 233
qwen2.5:32b-instruct falcon3:10b-instruct 1.53x 10792 87

falcon3:10b-instruct qwen3:235b-a22b 1.82x 10792 120
qwen2.5:14b-instruct qwen2.5:32b-instruct 2.01 x107°2 141
qwen2.5:14b-instruct qwen3:235b-a22b 3.25x10792 195

All remaining 26 pairs: n.s.
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Table 12
Mean syntactic, pragmatic, and semantic scores (0-1 scale).
LLM family Parameters Ogn Oprag Osem
Llama3 8B 0.860 0.895 0.539
70B 0.896 0.872 0.575
Qwen2.5 14B 0.808 0.891 0.553
32B 0.877 0.883 0.576
Qwen3 14B 0.865 0.867 0.572
30B 0.879 0.883 0.551
235B 0.878 0.859 0.573
Deepseek-R1 14B 0.854 0.884 0.526
70B 0.870 0.864 0.561

6.2. RQ 2 - Influence of LLM model size on BPMN quality

Scaling laws derived from open-domain language modeling often
suggest that adding parameters monotonically improves performance.
Our evaluation of four open-weight families, Llama3, Qwen2.5, Qwen3,
and Deepseek-R1, shows that this principle does not transfer wholesale
to BPMN diagram generation. For each prompt where both checkpoints
within a family produced valid BPMN models, we conducted paired
Wilcoxon signed-rank tests. We controlled the family-wise error rate at
5% using a Bonferroni adjustment.

Table 12 reveals two broad patterns. First, larger LLMs generally
boost semantic and syntactic means by three to five percentage points.
Second, those same expansions frequently depress pragmatic scores by
about two percentage points. Thus, parameter count alone is a poor
proxy for overall BPMN quality.

The inferential evidence in Table 13 corroborates the descriptive
trends. For syntactic and semantic quality, larger checkpoints win de-
cisively in three families (Llama3, Qwen2.5, Deepseek-R1), with p-values
as small as 10716, However, pragmatic quality consistently moves in the
opposite direction, a statistically strong but negative shift.

The Qwen3 family illustrates how size effects can plateau or even
reverse. Expanding from 14 B to 30 B sacrifices semantic quality (4 =
-0.021, p = 4.9 x 1073) yet improves pragmatic quality (4 = +0.016,
p = 1.5x1072). A further leap to 235 B restores the lost semantic quality
(4 =+40.022, p = 3.8x107°) but erodes pragmatic quality (4 = —0.024,
p = 6.4 x 10~8) without affecting syntax. These oscillations imply that
raw parameter count is not the limiting factor. Architecture-specific
bottlenecks or training-data saturation likely dominate beyond 30 B.
Practical importance depends jointly on magnitude and consistency.

Deepseek-R1’s move from 14 B to 70 B yields syntactic and semantic
quality gains of +0.035 and +0.016 respectively, both significant, offset
by a pragmatic quality loss of —0.020.

Syntactic and semantic quality tend to improve in parallel, likely
because they share a reliance on extended relational memory and
longer effective context windows. In contrast, pragmatic quality often
deteriorates when LLMs overoptimize for frequent patterns, resulting in
unnecessarily detailed outputs. This effect is analogous to the inflated
responses observed in open-ended text generation. Given these findings,
a single checkpoint seldom satisfies all objectives. Large LLMs such as
llama3.3:70b-instruct or deepseek-r1:70b-llama-distill are justified when
semantic and syntactic quality dominate, whereas small and medium-
sized LLMs (Illama3.1:8b-instruct, qwen2.5:14b-instruct) were superior in
creating BPMN models that are easy for humans to understand at lower
inference cost. The fact that qwen3:14b statistically matches its 235B
MoE-counterpart on every metric underscores the risk of paying for
parameters that yield no domain-specific benefit.

In sum, parameter scaling improves syntactic and semantic quality
but often degrades pragmatic quality, and the size of each effect is
architecture dependent. However, a higher semantic score might also
be associated with larger, more complex process models. Therefore, an
increase in semantic quality might be accompanied by a decrease in
pragmatic quality. To determine the causes of the declining pragmatic



C. Lauer et al.

Table 13

Information Systems 142 (2026) 102761

Wilcoxon signed-rank tests contrasting small and large checkpoints. Arrows indicate the checkpoint with the higher median when

the shift is significant.

Size contrast Psyntactic Ppragmatic Psemantic Direction (syntactic/pragmatic/semantic)
Llama3 8B — 70B 3.5 x 10710 1.5 x 107 9% 6.3 x 10716 170B/18B /170B
Qwen2.5 14B — 32B 6.8 x 10712 %% 1.8x1073%* 2.0x1072* 132B/114B/132B
Qwen3 14B — 30B n.s. 4.9x1073** -/130B/114B
Qwen3 14B — 235B n.s. -
Qwen3 30B — 235B n.s. —/130B/1235B
Deepseek 14B — 70B 2.8 x 1074 ** 170B/114B/170B
Arrows: 1 = larger checkpoint wins, — = non-significant. ; n.s. = not significant.

* Significance: p < 0.05 (Bonferroni-corrected).
** Significance: p < 0.01 (Bonferroni-corrected).
*** Significance: p < 0.001 (Bonferroni-corrected).

quality, a detailed analysis by a human judge is necessary, but is out of
scope for this paper. Effective BPMN model generation requires metric-
aligned checkpoint selection, grounded in both descriptive means and
inferential tests, rather than an automatic preference for the largest
available LLMs.

6.3. RQ 3 — Comparison to competences of human process modeling

In addition to comparing the process model generation abilities of
LLMs, it is also interesting to compare their abilities with those of
humans. We decided to compare the LLMs to experts in the field of
process modeling, as those represent the “gold standard” for process
modeling. As the experts who participated in this experiment were
not fluent in English but in German, we created a new dataset for
this experiment. To achieve this, we utilized four German textual
descriptions from Camunda® and five additional textual descriptions
created by a process consulting company. For each textual description,
we had a corresponding ground truth BPMN model, with both the
BPMN model and the accompanying textual description provided. We
asked 5 consultants with several years of expertise in process modeling
to create a BPMN model for each of the nine textual descriptions using
publicly available BPMN modeling tools. Each expert was provided
with a complete set of 9 textual descriptions, prefaced by a standardized
instruction set outlining the specific requirements and tasks to be per-
formed. The instructions demanded that they create one BPMN model
after another, ensuring the same separation between each sample, as in
the LLM settings. In total, 45 BPMN models have been created by the
experts.

Similar to the LLM-generated BPMN models, the human-modeled
BPMN models are analyzed to get the scores for the three quality
dimensions Qgyp, Oprag, and Qe Results are shown in Table 14. We
repeated the experiments with the LLMs on the same set of text-BPMN
model pairs as used for the modeling experts. This ensures that the basis
of comparison is the same and that no differences in the complexity of
the process descriptions or the number of textual descriptions distort
the comparison.

Upon examining the results, it becomes evident that the scores of
the LLMs and human experts are largely comparable, falling within
a similar range and having mostly similar tendencies. In some areas,
the LLMs surpassed the quality scores of the experts. In terms of
both pragmatic and syntactic quality, several LLMs outperformed the
human experts, obtaining higher scores. However, for semantic quality,
human experts achieved the best result with 0.5152. This indicates that
LLMs make fewer syntactic errors, while humans reflect more on the
textual descriptions and the overall semantic quality. Nevertheless, the
highest Q,,,, score, ignoring the validity dimension, was achieved by
llama3.370b-instruct with only four LLMs performing worse and seven
better than the experts. When validity was taken into account, the
experts performed best.

6 https://github.com/camunda/bpmn-for-research.
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7. Discussion

In the following, we discuss the BEF4ALLM framework, the experi-
mental results, and the limitations of our work.

7.1. BEF4LLM framework

The BEF4LLM framework, presented in this work, is the first LLM-
specific framework for assessing and comparing their performance
in BPMN modeling, focusing on qualitative aspects of the generated
process models. It provides a detailed view of the syntactic, pragmatic,
and semantic quality, as well as the validity of BPMNs. Its grounding
in established process model quality metrics and frameworks allows
for a detailed and systematic evaluation of LLMs using 39 different
metrics. Validity, which has been added as a fourth dimension to
BEF4LLM due to the generative nature of LLMs, adds an important
aspect to LLM-driven BPMN modeling: The generated BPMN models
are only useful if they conform to the BPMN standard, which is often
not the case when generating BPMN models with LLMs. Even if an
LLM scores high in the three quality dimensions, it is not useful when
most BPMN models are invalid and thus not parsable for subsequent
software. In combination with the three quality dimensions, they allow
for a detailed and extensive analysis of the strengths and weaknesses
of LLMs in BPMN modeling.

The BEF4LLM framework is adaptable in terms of the metrics it
supports and the modeling languages it covers. New metrics can be
added or existing ones removed based on their relevance. Further, most
metrics can also be computed for other modeling languages like Petri
nets or EPCs, which allows adapting the framework to those languages.
Currently, all metrics and dimensions in the BEF4LLM framework are
weighted equally. If there is evidence that certain metrics or dimen-
sions are more important than others, the weights can be adjusted
accordingly.

7.2. Strengths and weaknesses of LLMs in BPMN modeling

The experimental results reveal several strengths and weaknesses
of LLMs in BPMN modeling. In the following, we will elaborate on
them. The high pragmatic scores Qp,g, consistently above 0.8, show
a strength of LLMs in generating BPMN models that are easy to under-
stand by humans. Similarly, the syntactic scores Oy, of more than 0.75
for all LLMs hint at strong performance in following formal BPMN 2.0
syntax rules. However, deficits remain in the semantic quality of the
generated BPMN models.

Further inspection of specific quality metrics revealed common limi-
tations. In terms of syntactic quality, many LLMs frequently violated the
requirement to match join gateways to each split gateway, suggesting a
systemic issue. Pragmatic quality metrics, particularly sequentiality and
separability, were often lower (around 0.5), indicating that LLMs often
generated processes with multiple parallel paths or loops and limited
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Results for the comparison of human experts and LLM capabilities in generating BPMN models (on the subset for the

human evaluation).

LLM Validity Process model quality Total scores
Qval AVBM stn Qprag Qsem Qqual Qtotal

deepseek-r1:14b-qwen-distill 0.8222 7.4 0.8412 0.8795 0.3337 0.6848 0.7191
deepseek-r1:70b-llama-distill 0.7111 6.4 0.8738 0.8671 0.4242 0.7217 0.7190
falcon3:10b-instruct 0.3111 2.8 0.9109 0.8142 0.3906 0.7052 0.6067
llama3.18b-instruct 0.7556 6.8 0.8513 0.8856 0.4318 0.7229 0.7311
llama3.370b-instruct 1.0000 9 0.8909 0.8763 0.5006 0.7559 0.8169
phi4:14b 0.8000 7.2 0.8452 0.8563 0.4344 0.7120 0.7340
qwen2.5:14b-instruct 0.5111 4.6 0.8390 0.8763 0.3692 0.6949 0.6489
qwen2.5:32b-instruct 0.8222 7.4 0.8724 0.8841 0.4897 0.7487 0.7671
qwen3:14b 0.5111 4.6 0.9104 0.8275 0.4295 0.7225 0.6696
qwen3:30b-a3b 0.1778 1.6 0.5406 0.5106 0.2327 0.7132 0.3654
qwen3:235b-a22b 0.6444 5.8 0.9136 0.8070 0.4658 0.7288 0.7077
human experts 1.0 9 0.8826 0.7371 0.5152 0.7116 0.7837

block structuring. This makes the BPMN model appear unorganized.
Within semantic quality, labeling accuracy (natural language subgroup)
consistently scored lower than structural semantic quality metrics. This
indicates that the LLMs have issues in generating fitting labels with
regard to the automated measures. This suggests that activity naming
remains challenging to match expert reference labels exactly. However,
this result depends on the chosen similarity operationalization and may
under-credit acceptable paraphrases.

A major weakness of LLMs is their ability to generate valid BPMN
XML files; even though the layout part in the BPMN file had not to be
generated, and one refinement loop was allowed. Only llama3.3:70b-
instruct reached a validity correctness of above 90%, allowing it to
be used in practice. There is substantial variability among LLMs, with
Q,a Vvalues ranging from 0.3067 for falcon3:10b-instruct to 0.9733
for llama3.3:70b-instruct. Nevertheless, no specific textual description
consistently led to invalid outputs across all LLMs, suggesting validity
issues are primarily LLM-specific rather than input-dependent. How-
ever, generating a valid BPMN XML file can be considered a challenge
in its own, given the length of a typical BPMN XML file and its strict
requirements.

Additionally, operational challenges such as frequent generation
timeouts, particularly in smaller LLMs, were identified. Further, the
limited context length, especially for smaller LLMs, can quickly become
a major issue in conversational BPMN-generating settings. In the cur-
rent setting, the input given to the LLMs is already close to the limits of
some LLMs like Phi4 with 14k context length. If the context length is
exceeded, important information for the LLM is lost, causing the LLMs
to generate unrelated content. Therefore, more compact BPMN model
representations are required [61].

Different LLMs show irregular variation in the generated BPMN
model. While we intentionally aimed for some variety in the output
of the LLMs to obtain different BPMN models, the variation was quite
stark. This holds for the generated BPMN models within the same run,
but also the generated BPMN models from the same LLM across the five
runs. Some LLMs generated very different BPMN models with highly
variable quality scores, even for the same input across the five runs.
llama3.3:70b-instruct was the LLMs performing most deterministically.

Overall, llama3.3:70b-instruct performed best in our benchmark and
significantly better than any other LLM if Q. is considered. Further-
more, it achieves high scores across all four dimensions, with only
small gaps to the respective best values, and it clearly dominates in
Q.- However, smaller LLMs like llama3.1:8b-instruct offer comparable
BPMN quality at significantly lower computational cost, potentially
compensating for the worse validity scores. In summary, the descriptive
analysis highlights promising capabilities in syntactic and pragmatic
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dimensions while underscoring significant limitations in semantic ac-
curacy, output consistency, and validity. These findings provide clear
insights into areas requiring future LLM development and refinement.

7.3. Comparison of BPMN-modeling between LLMs and human experts

Interestingly, the scores of the LLMs and human experts are largely
comparable and fall within a similar range. They even show a similar
tendency, i.e., the scores of both LLMs and experts tend to be low
in the same areas. However, a significant difference can be found by
comparing the scores for the individual BPMN models. The quality
scores of LLM-generated BPMN models often exhibit a high variance,
while the quality scores of human-created BPMN models show a rel-
atively low variance. This suggests that human experts, in contrast
to an LLM, tend to create process models with a relatively consistent
level of quality. However, it is worth noting that even among human
experts, certain metrics, such as partitionability, exhibit high variability
in scores, suggesting that achieving consistency across some quality
aspects can be challenging even among skilled process modelers.

Overall, the results indicate that LLMs can compete with the abilities
of humans regarding the process model qualities measured within
the BEF4LLM framework, with similar strengths and weaknesses. This
result can also be interpreted as certain LLMs reaching the human
“baseline” of modeling competencies. This can be explained by the fact
that LLMs are also trained on human-generated BPMN models.

7.4. Limitations

Several limitations apply to the design of the framework and the
conducted experiments. For now, the framework includes a consid-
erable number of curated metrics. However, more metrics exist than
can enhance the significance of the framework and extend it towards
other aspects not covered for now, e.g., cyclicity metrics. The layout
is not considered yet, but has an impact on the pragmatic quality
since the positioning of elements has an influence on the readability of
the BPMN model [27]. However, we did not find established metrics
with defined thresholds that could effectively assess the impact of
the layout on the comprehensibility of BPMN models. This type of
metric is therefore not consistent with the other metrics used in the
pragmatic quality dimension, hindering its integration in the BEF4ALLM
framework. Further, not generating the layout with an LLM reduces
the amount of tokens required significantly, since the layout makes up
almost 70% of a BPMN XML file [61]. It can, by contrast, easily be
added algorithmically to a BPMN XML file. Therefore, we argue that
the layout is not a relevant aspect for LLM-driven BPMN modeling.
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Although the pragmatic scores are normalized by empirically val-
idated thresholds, they are still affected by the overall size of the
resulting BPMN model. If a complex process is described, resulting in a
large BPMN model, this leads to a worse pragmatic score compared to
a simple BPMN model. This tendency is also validated by the statistical
tests with smaller LLMs, generating smaller BPMN models, reaching
better pragmatic scores compared to larger LLMs generating larger
BPMN models. Nevertheless, none of the 105 samples used in the
experiments demands creating a disproportionately large BPMN model.

Further, the quality scores can only be calculated if the BPMN XML
file is valid, which affects the interpretation of the results. Although
the statistical tests using the Skillings-Mack test can deal with missing
data and the results are therefore sound, the computed quality scores
are still subject to being computed on potentially different subsets of
BPMN models. We opted for having the validity as a separate dimension
instead of rating invalid BPMN models with O in all quality dimensions
to give a detailed picture of the ability of LLMs to generate valid BPMN
models. This ability is indispensable for the practical applicability of
LLMs. However, alternatives exist in existing research that propose
process model formats that LLMs might understand more easily, e.g., in
the form of a JSON [45].

We aggregate the dimension scores into Qg and Q,q,, mainly
as transparent composite indices to summarize benchmarking results.
They should, however, not be interpreted as a universally valid “gen-
eral quality” score because we did not empirically validate a weighting
scheme or the aggregation model against expert judgments or user
studies. Also, the BEF4LLM framework does not yet include LLM-
specific metrics like the run-time of LLMs or memory requirements,
which should be added in the future, since the response time is also
an important factor for the applicability of such a solution.

The experiments are also affected by several limitations. In general,
the comparatively low number of available text-BPMN model pairs of
only 105 samples limits the generalizability of the results. Similarly, the
comparison with human experts is based on only nine different textual
descriptions and 45 samples in total, limiting its significance. Therefore,
one should interpret the results with these limitations in mind. The
temperature, potentially affecting the quality of the generated BPMN
model, was also fixed to 0.1. Although initial experiments with other
values did not result in better scores (neither lower temperature nor
higher), the parameter has an effect on the quality of the generated
BPMN models. Further research is required to determine the effect of
this parameter. Due to the high token count of BPMN XML files, the
input given to the LLMs might be exceeded for some LLMs, resulting
in unpredictable results. This is especially relevant for cases when the
refinement loop is triggered, where the input to the LLM also contains
the currently faulty BPMN XML file. Also, a comparison to commercial
LLMs like those from OpenAl or Google is missing. Finally, a human
interpretation of the generated BPMN models by the LLMs is missing.
For now, the BPMN models are automatically inspected. However, since
they are intended to be used by humans, a human judgment of the
result is essential and might change the overall interpretation of the
results.

7.5. Practical implications and future work

The most prominent use of BEF4LLM is as a controlled benchmark
to quantify the quality of generated BPMN models. In particular, the
framework can be employed to compare alternative LLM prompting
mechanisms (e.g., zero-shot vs. few-shot prompts, or prompts with
explicit structural constraints) under otherwise identical conditions.
Further, it allows to investigate the role of intermediate process rep-
resentations. In that regard, BEF4LLM can be used to evaluate whether
generating an intermediate structured format (such as JSON [33])
improves the quality and/or the rate of valid BPMN outputs.

Another usage scenario could be to extend it from passive evaluation
to active improvement by integrating it in a refinement loop in which
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the BPMN generation is iteratively guided by validation feedback. This
could help to improve the quality of the process model or guide the
improvement of specific characteristics.

Next to BPMN, several other process modeling languages, such as
EPC or Petri nets, exist. A natural next step is to adapt the BEF4LLM
framework to also support these languages. This requires revising the
metric set to match the target notation: existing metrics must be trans-
ferred where applicable, BPMN-specific metrics must be excluded, and
additional language-specific metrics (in particular, syntactic metrics
derived from the respective modeling rules) must be introduced. Be-
yond language adaptation, BEFALLM can be extended by incorporating
further metrics that capture additional quality aspects not covered so
far. To increase robustness, the semantic-quality assessment could be
extended with additional metrics, for example, label similarity mea-
sures that support one-to-many alignments instead of enforcing strictly
one-to-one label matching. Apart from that, the extension can also be
made by covering more BPMN elements, like artifacts, to allow for a
more exhaustive evaluation of supported elements. Finally, the frame-
work would benefit from metric weighting (e.g., via expert elicitation
or multi-criteria aggregation) to reflect differing evaluation priorities,
e.g., to prefer semantic over pragmatic quality. The modular structure
of our framework and implementation allows to switch the weighting
between the metrics easily.

The framework only includes metrics that can be computed auto-
matically. Consequently, metrics that require human judgment, such
as subjective readability or domain appropriateness, are excluded be-
cause they would hinder automated, scalable evaluation. To enable
a more exhaustive assessment, integrating expert-in-the-loop evalua-
tions constitutes a valuable extension. Such assessments could uncover
human-centric issues specific to particular domains or user groups that
may not be captured by purely automated metrics.

For practical use, one plausible deployment scenario is to inte-
grate BEF4LLM into a quality assurance workflow that combines au-
tomated checks with expert oversight. Concretely, organizations can
operationalize this as a staged pipeline comprising generation, auto-
mated validation, and subsequent human review. This could filter out
syntactically invalid artifacts early and ultimately enforce modeling
conventions.

Moreover, benchmark-driven model selection enables organizations
to select an LLM based on deployment priorities. This could include
prioritizing XML validity in high-throughput settings versus prioritizing
semantic fidelity in safety or compliance-critical processes. Our findings
indicate a trade-off between cost and quality in which larger LLMs
tend to achieve stronger results, while also increasing purchase and
operational costs. Thus, BEF4LLM can support evidence-based decisions
on whether to deploy smaller LLMs broadly or larger LLMs selectively
for critical cases.

8. Conclusion

This paper presented the BEF4LLM framework, accompanied by an
extensive benchmark of recent and prominent open-source LLMs, to
assess and compare their abilities in generating BPMN models from
textual descriptions. Building upon the well-established SIQ framework
and extending it to capture validity aspects unique to LLMs, our ap-
proach provides the first systematic and in-depth evaluation of LLMs’
capabilities for BPMN modeling.

Our findings reveal insightful distinctions regarding the strengths
and weaknesses of open-source LLMs, particularly in comparison to a
selected group of human modeling experts. Notably, LLM performance
on key aspects, as measured by our framework, is often comparable
to that of human modelers. Larger LLMs do not always yield better
results; in our experiments, increased parameter counts sometimes
coincided with lower pragmatic quality in the generated BPMN models,
potentially because larger LLMs tend to produce more extensive and
complex process models. Substantial differences exist between LLM
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families, with the larger LLMs from the Llama3 family achieving the
highest overall scores. Nonetheless, generating valid BPMN XML files
remains a significant hurdle for most LLMs, further amplified by context
window limitations. Our results also demonstrate that advances in
benchmark scores for LLMs do not automatically translate to improved
performance in the text-to-BPMN task.

From an application standpoint, several LLMs show strong potential
for practical use in text-to-BPMN tasks and conversational process
modeling. Even without perfect results, these LLMs can address the
“blank-page” problem in process modeling, enabling more users to
generate high-quality BPMN models with greater ease. In this way,
Al-driven process design can substantially reduce barriers to entry for
process modeling.

The results also aid future research. There is a great necessity
for more compact and comprehensible BPMN representations to re-
duce token usage during generation—thereby making generation more
efficient and increasing validity rates. Further, addressing LLMs’ de-
ficiencies in semantic quality through targeted fine-tuning for BPMN
tasks holds promise. The BEFALLM framework can facilitate the de-
velopment of such approaches by providing reliable feedback through
its metrics. Finally, training LLMs with multi-turn conversational data
could further enable robust deployment in chat-based process modeling
scenarios.
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Appendix A. Additional information to the framework

Tables A.15-A.17 list the metrics for each quality dimension, includ-
ing the corresponding formulas and references.

We use the following notation: £%,£F, &1 start/end/intermediate
events; A activities; ¢ gateways with G5 (split) and G’ (join); FO
flow objects; 75, FM sequence/message flows; P processes; PO pools;
in(x), out(x) incoming/outgoing sequence flows of x; Matchgate : G5 —
G’; Excp : &' - A with dom(Excp) interrupting events; label(r) task
label (L if missing); normg/geq ascending/descending normalization;
Paths start-to-end node sequences; p(/) gateway-type share for /| €
AND, XOR, OR; depth(f0) nesting depth; Cut-Vertex = articulation node;
M., M, candidate/ground-truth models; FO;,F; node/edge sets; 7; :
N; - T type map with ¢ c 7 gateway types excluded from label
similarity; / node label; ed Levenshtein distance; w;, w, label-similarity
weights; sn, se inserted/deleted nodes/edges; CF; causal-footprint rela-
tions; DG; dependency-graph edges.

All metrics in Table A.17 rely on a common notation. F© and F
denote the flow objects and connection objects sets of a model, while
7 : FO - Type assigns BPMN element types; gateway types collected
in G C Type are excluded from label-based comparisons. Label strings
are turned into word sets w after tokenisation and stemming; w; and
w, weight exact word overlap and synonym overlap, respectively, with
synonyms detected by a function s(-,-). Optimal bipartite matchings
M;";X C FO, x FO, maximize similarity under criterion X (X €
{Syn, Sem, Ctx}). For structural metrics sn and se denote inserted or
deleted flow objects and connection objects, whereas CF; and DG;
contain the causal-footprint relations and dependency-graph edges ex-
tracted from model i. Each metric is already scaled to the interval [0, 1],
so their aggregation yields the overall semantic score Q. without
additional normalization.

Table A.18 lists all thresholds for the pragmatic quality dimension
and the corresponding paper that defines this threshold.

Appendix B. Complete results

Table B.19 lists the full results for all LLMs, including those that
generated less than 30 valid BPMNs per run. Further, we extended
the table with a column “timed-out”, indicating the number of textual
descriptions for which a time-out occurred, and therefore, no BPMN
was generated.

Appendix C. Detailed results with all metric results

The following tables show more detailed results for the three quality
dimensions. Table C.20 shows the results for the subgroups of the
quality dimensions per LLM, while Tables C.21 to C.23 summarize the
results for each metric per LLM.
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Table A.15
Metrics for syntactic quality in the BEF4LLM framework.
Metric description Calculation Ref.
1 Existence of a start event Je e &3 [3]
2 Existence of an end event Je € £F [3]
[{reries o}
3 One start event per process T [3]
|{pe7)|55¢@}j
4 One end event per process T [3]
. SUETUALC,
(f=ye FS I X,Eg- ‘ué‘ UAUG, }
5 Sequence-flow connection rules | yeetuEoAvG [46]
|FS]|
P E el |
|7 = er 1 T0 )|
6 Message-flow connection rules & MM [46]
S| - —
7 Start event: in=0, our =1 Hee& | lm(e)||;s(|) Alout(o)l = 1} [31
E || - —
8 End event: in=1, out =0 Hee | |l"(€)||gE|1 A lout(e)] = 0} [3]
, €G%|3g, € G : Matchgate(g,) =
9 Split gateway has matching join gateway lte, | 3¢, ] gatele,) = &)1 [3]
c =
10 Exactly one process per pool ltpo € PO l{P;;l P Cpoll =111 [47]
11 Each observable task has a label W [46]
12 Task: in=1, our = 1 it € 7 | lin®] \:rl| A lout@)] = 1)1 131
&l Exc i =1 =1
13 Non-exception intermediate event: in =1, out =1 I{e € £\ dom(Excp) lll‘;ll(e)l A lout(e)] H [3]
14 Exception event: in =0, out =1 e € dom(Excp) | line)l = O A lour(e)] = 1} [3]
|dom(Excp)|
S 1; -
15 split gateway: in =1, out > 1 Heed | lm(g)l|;S|1 Alout(e)l > 1}] [3]
11 —
16 Join gateway: in > 1, out = 1 lHeed | ""(g)||;|1 A lout(g)| = 1}| [3]
Table A.16
Metric set for pragmatic quality in the BEF4LLM framework.
Metric Calculation Ref.
Size
1 TNN (total number of nodes) normg, (|FO|) [2]
2 TNG (total number of gateways) normg,,(IG]) [52]
3 TNSF (total number of sequence flows) normg, (|F]) [52]
4 TNMF (total number of message flows) norm, (|FM) [52]
5 Diameter norm,,, (max{ |p| | p € Paths}) [2]
Density
. Ll
6 Density normdu( TFOFOI=D ) [2]
(lin(@)] + lout(g)])
7 AGD (average gateway degree) normdm[(z’z@T) [2]
8 CNC (connectivity coefficient) normy,.(IF51/|FO)) [21
Connector interplay
9 GH (gateway heterogeneity) norm‘,m(—z,a ANDxOROR] P()10g3 p(l)) [2]
10 CFC (control-flow complexity) norm,,m( 31+ Y loute)] + Y, @l — 1)) [2]
80w §€Gkor 8600k
11 CC (cross-connectivity) norm,,(/en(longest_loop)) [53]
Partitionability
(lin(g)| + lout(g)])
12 Sequentiality norm dm( Z@T ) [2]
13 Separability normm( ltfo€ PO ||;fD?9|15_t ;ut-Vertex I ) [2]
14 Depth normdm(max{depth(fo) | foe F(D]) [2]
Concurrency
15 TS (token split) normdm( > (our(g)l - 1)) [2]

8E(GH UG D)
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Table A.17
Metric set for semantic quality.

Metric Calculation per node Calculation for the whole graph Ref.

Natural-language similarity

_ o ed(label(x, ), label (x,)) 2 Xnmenz,,, SimSyn(n, m)
! Syntactic label similarity 1 Sax(label ey Habel ()1 [(n €70, 2.0 €l + 1 (n € 7O, | 5, € C1] (551
2 Semantic label similarity 2utyl 0] + 0, (501 105) + 510, 01) 2 EMM)EM:&“““‘ SimSem(n. ) [55]
ARy [{n € FO, [ 7, & G} + [(n € FO, | 7,(n) € G|
3 Context similarity |M;""r:"‘“| + |M§i}:"0m| 2 ZMM)EM;'F’:‘C“ SmCux(e, m [55]
2\/|n11n||ni2n| 2\/|nkl)u|||n;u[| {neTFO,. |7 (n) &GH+{n€TO, | 7,(n) & G}
Graph-structure similarity
1 = avg(S,s Sevs Spo)
|sn|
4 Graph-edit distance - . = |se| [55]
R+ IFLT
) 2 Z(")M)EM(I — Sim(n, m))
T TPO I+ 170, — ol
5 Common nodes and edges - - [FONT O+ ITONTON+ [P\ Tl + 1P \ Tel [56]
[F =1+ FO,| +|F.| +|F,|
Behavioral similarity
. . |ICF, nCF,|
6 Causal-footprint overlap - Simep = 7|CFC UCE,] [55,57]
) IDG, N DG,
7 Dependency-graph overlap - Simpg = m [55,57]
Table A.18
Thresholds for pragmatic quality metrics.

Metric I3 1, t3 1, Ref.

TNN 29.9 43.7 58.1 81.1 [48]

TNG 1.42 3.36 5.3 6.49 [48]

TNSF 19.4 34.8 50.2 74.8 [48]

TNMF 1.09 7.15 13.2 22.8 [48]

Diameter 7.92 12.2 16.5 23.4 [48]

Density 0.1361169 0.357143 0.741667 2.33333 [51]

AGD 3.67 3.88 4.06 4.18 [49]

CNC 0.37 0.9 1.43 4.18 [50]

GH 0.62 0.79 0.92 0.94 [49]

CFC 13 22 37 51 [49]

CC 0.007996 0.030407 0.061814 0.112903 [51]

Sequentiality 0.25 0.48 0.7 1.07 [48]

Separability 0.03 0.37 0.71 1.24 [501

Depth 0.42 1.72 3.02 5.09 [49]

TS 0.12 0.21 0.6 1.36 [50]

19



C. Lauer et al. Information Systems 142 (2026) 102761

Table B.19
Results of the first experiment, including all tested LLMs. The column timed-out indicated the total number of BPMNs that are
not generated by the LLM due to a time-out across all 5 runs.

LLM Validity Process model quality Total scores Time-out
[ AVBM Oy Oprag Osem [ Quoal
deepseek-r1:1.5b-qwen-distill 0 0 - - - 0 2
deepseek-r1:14b-qwen-distill 0.6362 66.8 0.8548 0.8841 0.5270 0.7553 0.7225 0
deepseek-r1:8b-llama-distill 0.2248 23.6 0.7497 0.9165 0.4404 0.7022 0.5828 0
deepseek-r1:70b-1lama-distill 0.7905 83 0.8708 0.8636 0.5609 0.7651 0.7714 0
falcon3:3b-instruct 0.0800 8.4 0.7387 0.9129 0.4412 0.6976 0.5432 30
falcon3:10b-instruct 0.3067 32.2 0.9082 0.8837 0.5544 0.7821 0.6632 5
llama3.2:1b-instruct 0.0133 1.4 0.8243 0.9174 0.4738 0.7385 0.2249 56
llama3.1:8b-instruct 0.7067 74.2 0.8597 0.8954 0.5389 0.7647 0.7502 6
Illama3.3:70b-instruct 0.9733 102.2 0.8955 0.8721 0.5747 0.7808 0.8289 2
phi4:14b 0.5848 61.4 0.8580 0.8710 0.5666 0.7652 0.7201 0
qwen2.5:1.5b-instruct 0.1562 16.4 0.7838 0.9300 0.4841 0.7326 0.5885 124
qwen2.5:14b-instruct 0.5467 57.4 0.8076 0.8907 0.5521 0.7501 0.6993 0
qwen2.5:32b-instruct 0.5105 53.6 0.8782 0.8834 0.5768 0.7795 0.7122 0
qwen3:1.7b 0.2267 23.8 0.8770 0.8895 0.4933 0.7655 0.6241 32
qwen3:14b 0.6533 68.6 0.8643 0.8670 0.5720 0.7678 0.7392 22
qwen3:30b-a3b 0.4895 51.4 0.8792 0.8877 0.5485 0.7718 0.7012 2
qwen3:235b-a22b 0.5771 60.6 0.8790 0.8537 0.5620 0.7649 0.7180 97

Table C.20
Scores for the categories in the different quality dimensions (each LLM is used with q_8 quantization).
LLM Syntactic Size Density Connector Partionability Concurrency Natural Graph Behavior
quality interplay language structure

deepseek-r1:1.5b-qwen-distill - - - - - — _ _

deepseek-r1:14b-qwen-distill 0.8548 0.9517 0.8476 0.9815 0.7116 0.8806 0.3690 0.7720 0.5189
deepseek-r1:8b-llama-distill 0.7497 0.9596 0.9318 0.9615 0.7691 0.9505 0.2776 0.7581 0.3670
deepseek-r1:70b-llama-distill 0.8708 0.9454 0.8349 0.9835 0.6993 0.6743 0.4015 0.7855 0.5754
Falcon3:3b-instruct 0.7387 0.9022 0.9302 0.9614 0.8581 0.9333 0.2816 0.7571 0.3645
falcon3:10b-instruct 0.9082 0.9564 0.8309 0.9917 0.7023 0.8987 0.3919 0.7907 0.5619
llama3.2:1b-instruct 0.8243 0.9938 0.8507 1.0000 0.7465 1.0000 0.2972 0.7546 0.4579
llama3.1:8b-instruct 0.8597 0.9543 0.8481 0.9941 0.7460 0.8942 0.3827 0.7827 0.5294
llama3.3:70b-instruct 0.8955 0.9433 0.8294 0.9933 0.7014 0.7924 0.4212 0.7902 0.5894
phi4:14b 0.8580 0.9410 0.8402 0.9872 0.6933 0.8371 0.4086 0.7827 0.5873
qwen2.5:1.5b-instruct 0.7838 0.9746 0.8900 0.9862 0.7653 0.9538 0.3151 0.7556 0.4661
qwen2.5:14b-instruct 0.8076 0.9472 0.8728 0.9809 0.7391 0.9488 0.4028 0.7846 0.5436
qwen2.5:32b-instruct 0.8782 0.9351 0.8580 0.9942 0.7165 0.8999 0.4234 0.7909 0.5929
qwen3:1.7b 0.8770 0.9529 0.8520 0.9810 0.7386 0.9099 0.3075 0.7651 0.5004
qwen3:14b 0.8643 0.9485 0.8379 0.9896 0.7063 0.8136 0.4326 0.7886 0.5645
qwen3:235b-a22b 0.8790 0.9114 0.8467 0.9861 0.6823 0.7276 0.4126 0.7859 0.5622
qwen3:30b-a3b 0.8792 0.9282 0.8408 0.9980 0.7055 0.9537 0.3886 0.7818 0.5553
Table C.21
Scores for the syntactic quality metrics for the first experiment (each LLM is used with q_8 quantization).
LLM Existence Existence Start event End event Labeled Connected Tasks Intermediate
start event end event degrees degrees tasks nodes degrees event degrees

deepseek-rl:1.5b-qwen-distill - - - - - - - -
deepseek-r1:14b-qwen-distill 1.0000 0.9879 0.9339 0.8316 0.9939 0.7014 0.7391 1.0000
deepseek-r1:8b-llama-distill 1.0000 0.9886 0.5423 0.4754 1.0000 0.2074 0.2497 1.0000
deepseek-r1:70b-llama-distill 0.9978 0.9476 0.9603 0.8701 1.0000 0.8126 0.8262 0.9802
falcon3:3b-instruct 1.0000 0.8690 0.3048 0.3810 1.0000 0.1826 0.2055 1.0000
falcon3:10b-instruct 1.0000 0.9518 0.9701 0.9233 1.0000 0.8407 0.8462 1.0000
llama3.2:1b-instruct 1.0000 0.6667 1.0000 1.0000 1.0000 0.5083 0.4762 1.0000
llama3.1:8b-instruct 1.0000 0.9728 0.9346 0.8299 0.9889 0.7360 0.8050 0.9971
llama3.3:70b-instruct 1.0000 0.8471 0.9765 0.9922 0.9705 0.8290 0.7428 0.9725
phi4:14b 1.0000 0.9874 0.8376 0.9223 1.0000 0.8150 0.8047 0.9751
qwen2.5: 1.5b-instruct 1.0000 0.8630 0.7391 0.3622 0.9800 0.2931 0.5521 1.0000
qwen2.5:14b-instruct 1.0000 0.9830 0.9015 0.6983 0.9845 0.6055 0.6383 0.9666
qwen2.5:32b-instruct 1.0000 0.9602 0.9099 0.8200 1.0000 0.7713 0.7715 0.9891
qwen3: 1.7b 0.9592 0.9864 0.9643 0.8456 1.0000 0.6996 0.8051 1.0000
qwen3:14b 0.9833 0.9367 0.9009 0.9053 1.0000 0.7199 0.7357 0.9608

(continued on next page)
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Table C.21 (continued).

qwen3:30b-a3b 0.9971 0.9976 0.9012 0.9382 1.0000 0.8324 0.7848 0.9520

qwen3:235b-a22b 0.9914 0.9853 0.9509 0.8924 0.9971 0.8283 0.7839 0.8601

LLM Gateway Gateway Event gateway One start One end Wrong Wrong One process
degrees pairs pre- & successor event event sequence flow message flow in pool

deepseek-r1:1.5b-qwen-distill - - - - — — _

deepseek-r1:14b-qwen-distill 0.7047 0.1852 1.0000 0.9940 0.8611 0.8207 0.9870 1.0000
deepseek-r1:8b-llama-distill 0.1507 0.2932 1.0000 0.9579 0.9779 0.9813 1.0000 1.0000
deepseek-r1:70b-llama-distill 0.8129 0.2080 1.0000 0.9971 0.8701 0.6654 0.9754 1.0000
falcon3:3b-instruct 0.1140 0.5416 1.0000 1.0000 1.0000 0.9873 0.8500 1.0000
falcon3:10b-instruct 0.8442 0.2128 1.0000 0.9894 0.9402 0.9866 1.0000 1.0000
llama3.2:1b-instruct 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
llama3.1:8b-instruct 0.5638 0.2059 1.0000 0.9582 0.8903 0.8831 1.0000 1.0000
llama3.3:70b-instruct 0.9153 0.3168 1.0000 0.9963 0.8771 0.9306 0.9884 1.0000
phi4:14b 0.8805 0.1749 1.0000 0.9586 0.8065 0.4962 0.9880 1.0000
qwen2.5:1.5b-instruct 0.8230 0.8804 1.0000 0.9042 0.9966 0.4594 1.0000 1.0000
qwen2.5:14b-instruct 0.7599 0.2430 1.0000 0.9750 0.8115 0.4572 1.0000 1.0000
qwen2.5:32b-instruct 0.8159 0.2624 1.0000 0.9906 0.8134 0.9521 0.9264 1.0000
qwen3:1.7b 0.5383 0.4238 1.0000 0.9921 0.9631 0.9752 1.0000 1.0000
qwen3:14b 0.8352 0.2355 0.9938 0.9969 0.8898 0.9770 0.8186 1.0000
qwen3:30b-a3b 0.8517 0.1309 1.0000 0.9982 0.8464 0.9539 0.8607 1.0000
qwen3:235b-a22b 0.8729 0.2716 1.0000 0.9900 0.7865 0.9511 0.8372 1.0000

Table C.22

Scores for the pragmatic quality metrics for the first experiment (each LLM is used with q_8 quantization).
LLM TNG TNN TNSF TNMF Diameter Density AGD CNC
deepseek-rl:1.5b-qwen-distill - - - - - - - -
deepseek-r1:14b-qwen-distill 0.7993 1.0000 0.9968 0.9903 0.9760 0.9369 0.9890 0.6127
deepseek-r1:8b-llama-distill 0.7954 1.0000 1.0000 1.0000 1.0000 0.9869 1.0000 0.8295
deepseek-r1:70b-llama-distill 0.8166 1.0000 0.9962 0.9877 0.9300 0.9447 0.9906 0.5682
falcon3:3b-instruct- 0.4929 1.0000 1.0000 1.0000 1.0000 0.9887 1.0000 0.8655
falcon3:10b-instruct- 0.8649 1.0000 0.9975 1.0000 0.9169 0.9270 0.9813 0.5715
llama3.2:1b-instruct- 1.0000 1.0000 1.0000 1.0000 1.0000 0.8333 1.0000 0.5833
llama3.1:8b-instruct- 0.7890 0.9942 0.9958 1.0000 0.9871 0.9133 1.0000 0.6227
llama3.3:70b-instruct- 0.8485 0.9975 0.9873 0.9598 0.9221 0.9412 0.9745 0.5740
phi4:14b- 0.7991 0.9993 0.9837 0.9960 0.9034 0.9593 0.9891 0.5718
qwen2.5:1.5b-instruct- 0.9203 1.0000 1.0000 1.0000 0.9492 0.9483 1.0000 0.7155
qwen2.5:14b-instruct- 0.7624 0.9990 0.9963 0.9982 0.9568 0.9550 0.9873 0.6448
qwen2.5:32b-instruct- 0.7656 1.0000 0.9941 0.9676 0.9299 0.9753 0.9937 0.6127
qwen3:1.7b- 0.8469 1.0000 0.9982 1.0000 0.9462 0.9378 0.9935 0.6414
qwen3:14b- 0.8207 1.0000 0.9936 0.9410 0.9366 0.9485 0.9813 0.5814
qwen3:30b-a3b- 0.8218 1.0000 0.9844 0.9437 0.8893 0.9511 1.0000 0.5686
qwen3:235b-a22b 0.7584 0.9980 0.9782 0.9207 0.9035 0.9700 0.9861 0.5813
LLM GH CFC Sequentiality cC Seperatibility Depth TS
deepseek-r1:1.5b-qwen-distill - - - - - - -
deepseek-r1:14b-qwen-distill 0.9597 1.0000 0.5909 0.9920 0.5477 0.9779 0.8882
deepseek-r1:8b-llama-distill 0.9614 1.0000 0.7022 0.9340 0.6265 0.9759 0.9505
deepseek-r1:70b-llama-distill 0.9550 0.9994 0.5579 0.9983 0.5716 0.9594 0.6978
falcon3:3b-instruct 0.9577 0.9917 0.9536 0.9863 0.7940 0.9774 1.0000
falcon3:10b-instruct 0.9768 1.0000 0.5823 0.9963 0.5180 0.9885 0.9013
llama3.2:1b-instruct 1.0000 1.0000 0.7500 1.0000 0.4167 1.0000 1.0000
llama3.1:8b-instruct 0.9863 1.0000 0.6630 0.9993 0.5905 0.9897 0.8983
llama3.3:70b-instruct 0.9789 1.0000 0.5765 0.9995 0.5534 0.9745 0.7880
phi4:14b 0.9732 0.9978 0.5419 0.9969 0.5330 0.9631 0.7847
qwen2.5:1.5b-instruct 1.0000 1.0000 0.7394 0.9963 0.6763 1.0000 1.0000
qwen2.5:14b-instruct 0.9708 0.9954 0.6714 0.9675 0.5406 0.9816 0.9215
qwen2.5:32b-instruct 0.9913 0.9992 0.5968 0.9962 0.5553 0.9799 0.8803
qwen3:1.7b 0.9143 1.0000 0.7056 0.9960 0.6365 0.9446 0.8857
qwen3:14b 0.9759 1.0000 0.5530 0.9859 0.5351 0.9632 0.7588
qwen3:30b-a3b 0.9994 1.0000 0.5642 0.9970 0.5145 1.0000 0.9976
qwen3:235b-a22b 0.9756 0.9963 0.5550 0.9859 0.5422 0.9427 0.7701
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Table C.23
Scores for the semantic quality metrics for the first experiment (each LLM is used with q_8 quantization).
LLM Node matching Node matching Node matching GED PCN CF DGS
(Syntactic Sim) (Semantic Sim) (Context Sim)

deepseek-rl:1.5b-qwen-distill - - - - - - -
deepseek-r1:14b-qwen-distill 0.4011 0.3798 0.3341 0.5551 0.9898 0.8461 0.1986
deepseek-r1:8b-llama-distill 0.3574 0.3107 0.1418 0.5098 0.9979 0.6932 0.0316
deepseek-r1:70b-llama-distill 0.4196 0.4074 0.3850 0.5778 0.9908 0.8912 0.2612
falcon3:3b-instruct 0.3945 0.3495 0.0974 0.5356 0.9746 0.6725 0.0470
falcon3:10b-instruct 0.4171 0.4018 0.3611 0.5899 0.9912 0.8876 0.2330
llama3.2:1b-instruct 0.3090 0.3500 0.2879 0.5602 1.0000 0.8267 0.1616
llama3.1:8b-instruct 0.4130 0.4043 0.3301 0.5682 0.9954 0.8567 0.2049
llama3.3:70b-instruct 0.4274 0.4240 0.4117 0.5858 0.9938 0.8686 0.3073
phi4:14b 0.3996 0.3951 0.4189 0.5687 0.9935 0.9017 0.2790
qwen2.5:1.5b-instruct 0.3567 0.3394 0.2869 0.5275 0.9905 0.8055 0.1465
qwen2.5:14b-instruct 0.4386 0.4312 0.3592 0.5795 0.9976 0.8540 0.2411
qwen2.5:32b-instruct 0.4404 0.4362 0.3947 0.5887 0.9939 0.8947 0.2687
qwen3:1.7b 0.3055 0.2883 0.3078 0.5419 0.9936 0.8286 0.1953
qwen3:14b 0.4630 0.4449 0.3960 0.5886 0.9949 0.8793 0.2669
qwen3:30b-a3b 0.3962 0.3862 0.3732 0.5769 0.9900 0.8731 0.2311
qwen3:235b-a22b 0.4295 0.4159 0.4253 0.5821 0.9947 0.8893 0.2731
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