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Abstract—The increasing complexity of cyber-physical systems,
such as modern automotive E/E architectures, demands efficient,
consistent, and scalable modeling processes. Traditional manual
modeling of SysML diagrams from natural-language require-
ments is time-consuming and error-prone.

We target to assist E/E architects in the process by utiliz-
ing large language models (LLMs). Therefore, we designed a
three-step approach for automated generation of SysML activity
diagrams. First, the approach identifies diagram element candi-
dates in the requirements and matches them to potential existing
elements. Second, missing elements are generated, and finally,
the elements are linked.

Evaluated on real-world system-level requirements documents,
comprising more than 720 requirements and 72 use cases,
our approach generates system-level diagrams comparable to
those created by experts and provides valuable architectural
recommendations. A survey with nine industry architects shows
that at the system-level LLM-generated diagrams were even
rated higher than the diagrams modeled by experts. However,
quality degrades at the subsystem-level, where human refinement
remains essential for correctness and completeness.

Index Terms—SysML, activity diagrams, LLM, systems engi-
neering, requirements engineering, E/E architecture, automated
modeling, natural language processing

I. INTRODUCTION

In the development of cyber-physical systems (CPSs), sys-
tems engineering is often the preferred development process.
Due to the complexity of modern CPS, many different stake-
holders are involved in the early development stages. This
complicates maintaining consistency across processes, require-
ments, and architectures. In systems engineering, functional
requirements of the CPS are often manually translated by sys-
tem and function architects into stakeholder-specific use cases
and subsequently mapped to logical, functional, and physical
architectures [1]. One common intermediate representation is
the translation of use cases into System Modeling Language
(SysML) activity diagrams. In doing so, the system’s behavior
is specified in further detail.

Through this process, multiple viewpoints on the CPS yield
numerous diagrams describing system behavior using an even
larger number of system elements. In particular, concurrency
and branching are difficult to describe and communicate in
natural language alone. As it can be difficult for experts
to ensure consistency across these many elements and with
respect to existing systems, tool support may improve both the
quality and efficiency of this process. To this end, approaches

for generating Unified Modeling Language (UML) diagrams
from requirements have been researched for years [2]-[7].
Recently, LLMs have enabled new possibilities for automating
or assisting the process of diagram generation [8]-[19].

In this paper, we propose and evaluate an approach for auto-
matically generating SysML activity diagrams from use cases
and their requirements using LLMs in an industrial setting
from the automotive domain. To evaluate our approach, we
compare real, manually-created diagrams with those generated
by an LLM. Due to the ambiguity of natural language and the
degrees of freedom in the solution space, we also conducted a
survey of experts to rate the outcomes for three example use
cases. We aim to answer the following questions:

RQ1: How consistent are SysML activity diagrams generated
by LLMs in a real-world industrial setting?

RQ2: Which factors have the strongest impact on the perfor-
mance of LLMs in SysML activity diagram generation?

RQ3: What impact does the use of an automated activity
diagram generation tool have on architecture quality in
an industrial setting?

II. INDUSTRIAL BACKGROUND

This work was conducted in collaboration with an industry
partner and is based on their data and reflects their processes.
This section examines differences from common research
bases and introduces industry-specific terms used in this paper.

A. E/E architecture

The requirements and use cases used in this paper focus
on E/E architectures of vehicles. E/E architectures describe
the structure and connections of electrical, electronic, mecha-
tronic, mechanical, and software systems of a CPS. We
examine the high-level functional architecture of vehicles.
The functional architecture is modeled with cross-referenced
SysML activity diagrams. The CPS is described using high-
level features across multiple use cases and their associated
requirements. System functions are described in system-level
requirements documents (SLRDs) using natural language. In
our industrial context, the requirements describing vehicle
functions are structured in the SLRD using use cases.
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Fig. 1. Hierarchical system structure of a system of systems used by our
industry partner. The pyramid illustrates the decomposition from the system-
of-systems level to individual constituent systems and further to their internal
subsystems.

B. SysML

SysML [20] is a general-purpose modeling language for
systems engineering that is derived from UML. While UML
primarily targets software-intensive systems, SysML extends
UML by introducing additional diagram types and modeling
constructs to describe requirements, physical components,
parametric relationships, and interdisciplinary system aspects.
Although activity diagrams in SysML are largely based on
their UML counterparts, their interpretation in practice differs.
For example, swimlanes in activity diagrams are often directly
mapped to logical systems or subsystems. SysML activity dia-
grams also use ports more often than their UML counterparts.

C. Development Process

In the development of a new architecture, the stakeholders
define high-level requirements for their use cases. Those
requirements are then transformed into high-level systems and
functions, which are used to derive lower-level requirements
through a system-of-systems approach. An overview of the
different abstraction levels is shown in Figure 1. In this
paper, we focus on system-level (SL) and subsystem-level
(SSL) diagrams [21], [22]. The emphasis on activity diagrams
is motivated by industrial practice. In model-based systems
engineering processes, activity diagrams are commonly used
to describe the behavior of systems and their subsystems.
Interconnected activity diagrams subsequently serve as a basis
for behavioral analysis, particularly in functional safety assess-
ments and the derivation of test cases.

III. RELATED WORK

Over the past decades, research on automated model gen-
eration has evolved through several distinct phases. Ahmed
et al. [2] provide a broad perspective on this development by
examining 70 publications on automated architecture deriva-
tion. Their analysis shows that most early work, published
between 1994 and 2021, focused on generating UML class
diagrams using classical natural language processing (NLP)
techniques. Activity diagrams, by contrast, were addressed

only twice in the surveyed literature, and exclusively through
traditional NLP pipelines.

With the emergence of modern LLMs in late 2023, the
research landscape shifted noticeably. First, studies began to
explore whether these models could support or even automate
software architecture generation. While the conceptual feasi-
bility was quickly demonstrated, follow-up analyses revealed
persistent challenges: several works reported semantic incon-
sistencies and omissions, particularly when requirements were
ambiguous or incomplete [8], [10], [11], [14]. Nevertheless,
the potential of LLMs to reduce pipeline complexity sparked
increased interest.

A. Diagram Generation using NLP

Before LLMs became widely available, classical NLP ap-
proaches formed the foundation of automated diagram gener-
ation. Most contributions targeted class diagrams and domain
models, while later work extended to behavioral models such
as sequence and activity diagrams.

1) Structural Diagram Generation using NLP: Ibrahim and
Ahmad [3] were among the early researchers to propose
rule-based extraction of class diagrams from natural language
requirements. Their method relies on eight rules for identifying
classes, two for attributes, and six for relationships, using
sentence structure and parts of speech to derive UML ele-
ments. Although demonstrated only on a simple example, the
work illustrated how linguistic patterns can be systematically
mapped to model elements.

Meng and Ban [4] advanced this direction with a pipeline in-
tegrating preprocessing, sentence classification, syntactic anal-
ysis, and diagram generation. Their method employs nine rules
for class identification and six rules for relationship extraction.
When evaluated on 600 high-quality diagrams from several
domains, the approach achieved classification accuracies above
88 %, demonstrating that classical NLP can yield robust results
when applied to well-structured requirement texts.

2) Behavioral Diagram Generation Using NLP: Abdelnabi
et al. [23] proposed a structured approach for deriving se-
quence diagrams from natural language. Their methodology
begins with a preparation phase that simplifies requirements
using sixteen grammatical rules, followed by fourteen NLP
rules to extract sequence diagram elements. Four verification
rules help reduce false positives by checking the coherence
of identified interactions. Although detailed evaluation data
are not fully disclosed, the authors report that their approach
generates a broader range of UML diagram types than previous
methods and is particularly effective for sequence diagrams.

Compared to class and sequence diagrams, activity diagram
generation has been studied less extensively. Yue et al. [5]
introduced an approach based on structured use case descrip-
tions that limits natural language variability through templates
and predefined keywords. Using grammatical relations and
sentence structures, their method derives activity diagrams
that, according to their evaluation on five use cases, outperform
commercial tools available at the time.



Maatuk et al. [6] extended this line of work by defining 33
structured rules for identifying actors, use cases, activities, and
decision nodes. Their methodology uses tokenization, part-of-
speech tagging (POS tagging) information, and grammatical
dependencies to generate both use case and activity diagrams.
Validation was conducted on a single case study, but the work
demonstrates that even complex behavioral models can be
derived through classical NLP.

B. SysML Diagram Generation Using NLP

Zhong et al. [7] explored the generation of SysML diagrams,
focusing on block definition diagrams. Building on established
ideas from UML class diagram generation, they employ POS
tagging information, parsing, heuristic frequency analysis,
and grammatical rules to extract entities and relationships.
Their evaluation reveals high accuracy in identifying diagram
elements, while also highlighting a recurring issue in rule-
based methods: incomplete or low-quality input requirements
directly degrade the quality of the generated diagrams. Their
work illustrates that UML extraction techniques can be adapted
to SysML with relatively minor adjustments.

C. UML Diagram Generation Using LLMs

With the advent of large language models, research attention
shifted from manually created linguistic rules to more flexible,
prompt-based approaches. Camara et al. [8] conducted one of
the first systematic evaluations of ChatGPT for modeling tasks.
They found that while syntactic correctness is generally high,
semantic accuracy remains strongly dependent on notation,
domain, and prompting strategy. Task decomposition improved
results, but output variability remained significant.

Arulmohan et al. [9] compared GPT-3.5 to a classical NLP
system [24] for extracting domain models. Their findings
show that the rule-based approach achieved an F;-score of
0.85, clearly outperforming GPT-3.5, which reached 0.6. De
Bari et al. [10] similarly observed that GPT-4-generated class
diagrams suffer from semantic and textual inaccuracies, even
though syntactic correctness is comparable to human-created
diagrams. Ferrari et al. [11] reported the same pattern for
sequence diagrams.

More promising results were achieved when prompt design
was optimized. Li et al. [12] demonstrated that GPT-3.5-turbo,
guided by carefully structured chain-of-thought prompts, can
outperform students in class diagram generation. Bragilovski
et al. [13] compared novice and expert modelers with three
automated methods—rule-based NLP, machine learning, and
LLMs. They found that no single method consistently matched
human performance, but LLMs performed on par with experts
in class identification, while machine-learning approaches ex-
celled at detecting associations.

Chen et al. [14] concluded that LLMs alone are insuf-
ficient for fully automated class diagram generation due to
frequent omissions. Building on this insight, Yang et al. [25]
proposed a multi-step approach that combines LLM queries
with classical NLP, includes design pattern detection via
dedicated prompts, and integrates self-review mechanisms.

Their evaluation shows substantial performance improvements
over single-step prompting strategies.

D. SysML Generation with LLMs

Recent work consistently shows that while LLMs are ca-
pable of translating natural language requirements into formal
modeling artifacts, their effectiveness strongly depends on how
semantic grounding, consistency, and validation are addressed.

A recurring challenge is the tendency of LLMs to generate
syntactically plausible yet semantically incorrect model ele-
ments. To mitigate this, Qualis [18] propose a knowledge-
grounded generation pipeline that tightly couples LLMs with
a tri-layered knowledge graph. By combining reusable SysML
modeling patterns, domain knowledge, and system-specific
requirement-capability relations, their approach effectively
constrains the generation space and reduces hallucinations.

Beyond the correctness of individual diagrams, maintaining
consistency across multiple SysML views is another critical
concern. Sultan and Apvrille [15] address this issue by in-
tegrating LLMs into a rule-based consistency management
framework. Rather than replacing formal consistency rules,
LLMs are used as a complementary mechanism to detect and
resolve semantic mismatches between diagrams, such as use
case and block diagrams. Their results indicate that LLMs are
particularly valuable for identifying inconsistencies that are
difficult to formalize, while rule-based checks remain essential
for enforcing structural correctness.

While such hybrid approaches focus on improving robust-
ness, empirical evaluations reveal fundamental differences in
LLM performance across diagram types. Wang et al. [16] con-
duct a large-scale empirical study on the generation of SysML
behavior models, showing that LLMs achieve high syntactic
accuracy but struggle with semantic completeness, especially
for interaction-heavy models such as sequence diagrams. Their
analysis highlights that rule-based model checking can effec-
tively correct formatting and grammar errors, but only partially
addresses deeper semantic inconsistencies, underscoring the
limitations of current feedback mechanisms.

Dehn et al. [17] demonstrate that carefully structured
prompting is a key enabler for reliable SysML v2 generation.
By explicitly encoding ontological knowledge, modeling con-
ventions, and few-shot examples into the prompt, they signif-
icantly improve information extraction, traceability across ar-
chitectural layers, and output robustness. Their results suggest
that constraining the LLM’s interpretive freedom is essential
for transforming unstructured requirements into semantically
meaningful and syntactically valid SysML models.

Taken together, these works indicate that SysML generation
with LLMs is most effective when embedded in structured
pipelines that combine prompt engineering, domain knowl-
edge, and formal validation mechanisms. Rather than fully
automating modeling, current approaches position LLMs as
powerful assistants that can accelerate early modeling phases,
support architectural reasoning, and provide high-quality start-
ing points for expert refinement.
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E. Summary

Overall, classical NLP methods have demonstrated strong
performance in activity diagram generation and have enabled
the transfer of concepts from UML to SysML. Research on
LLM-based diagram generation remains largely exploratory,
focusing on holistic approaches with reduced pipeline com-
plexity. While LLMs show promise, missing elements and
semantic inconsistencies remain common challenges. Recent
work emphasizes task decomposition, hybrid workflows, and
refined prompting strategies as potential solutions. Evaluations
are often limited to academic exercises or synthetic datasets.

In contrast, we investigate a multi-step LLM-based activity
diagram generation using real-world industrial data, addressing
larger diagram sizes and practical applicability.

IV. APPROACH

The existing approaches for generating and/or improving
PlantUML code are not fully suitable for the industrial appli-
cation considered, as they do not provide a sufficiently simple
interface for integration with existing tooling. In industry
models, many of the required elements are often already
present because they are used in other diagrams. These
elements should be unique and reused whenever possible.
Therefore, our approach generates SysML activity diagrams
from requirements while accounting for existing elements.

In our approach, described in Figure 2, a library of existing
elements is first extended by possible missing elements from
the requirements. After that, the elements needed for the use
case are selected from the updated library. If an element was
created in Step 1 but not selected in this step, it is removed
from the library again to prevent unnecessary element creation.
In Step 3, the relations between the selected elements from
Step 2 are generated.

The models provided by the industry partner have previ-
ously been exposed to internal documentation during a fine-
tuning process, enabling familiarity with the internal language
and domain but limiting the reproducibility of the approach.

A. Generation of Missing Diagram Elements

For diagram element generation, we differentiate between
the following element types: activities, actors, systems, and
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[ ]
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Overview of the processing steps involved in our approach

signals. We use two prompts to generate potentially missing
diagram elements. The first prompt contains the SLRD and
the library elements for a given element type, with the goal of
identifying potential new candidates for diagram elements of
this type. The LLM should avoid duplicates in this step. In the
second prompt, the LLM should review its work by checking
if newly identified elements can be replaced with other newly
identified or preexisting elements. This results in a potentially
updated library of existing diagram elements.

As with all the following steps, the prompts differ for SL
and SSL. The differences in the prompts lie in the wording
used to describe the generation goals and tasks.

B. Selection of Required Diagram Elements

In this step, the LLM identifies all required diagram ele-
ments from the updated library. Thus, this step has the greatest
impact on model consistency. Similar elements can have
different uses or applications, whereas elements that differ
should often be grouped into a single element. Systems, actors,
and activities at SL and SSL are identified by the LLM using
separate prompts for each level. For this purpose, the LLM
is provided with a list containing the names of all existing
elements of the respective type in the library. The expected
output is the names of the diagram elements needed to model
the SLRD. These names are later mapped to the names of
existing diagram elements based on the editing distance. This
reduces errors from misspellings and LLM hallucinations.

The choice of the model can highly influence the outcome.
Based on preliminary results, we decided to use OpenAI’s
GPT-40 for element identification.

C. Connecting Diagram Elements

To connect diagram elements, we use all selected elements
from the previous step and consider two types of relations:
relations between activities and relations between activities
and systems. Note that, since actor-activity relations can be
treated similarly to system-activity relations, we consider only
system-activity relations, which include actor-activity relations
as well. For the system-activity relation, a single prompt is
used to assign the identified activities to the identified systems
and actors.



The other relationship to examine is between activities. We
distinguish two types of activity flows: 1) flows with a signal
(item/object flow) and 2) flows without a signal (control flow).

The activity-activity relation is also generated from a single
prompt that contains all identified activities and the SLRD
as context. In the prompt, the LLM should generate the
relations between the activities as single lines of the format
(Start—End—Type). In this context, the flow type is distin-
guished as CF (Control Flow), OF (Object Flow), and IF (Item
Flow). In addition, the LLM may insert flow-control elements.
In the prompt, the LLM is instructed to insert start or end
nodes as the source or target of a relation, denoted by s and
e, respectively. Furthermore, the LLM may insert numbered
joins (J) and forks (£) as start or end nodes of a relation to
control execution flow. Note that we do not consider merge and
decision nodes in this work. This is an explicit design decision
made by the industry partner to avoid ambiguities in function
implementation and functional decomposition. In particular,
this avoids the question of which of the connected functions
(activities) is responsible for implementing the decision. The
number of identified signals defines the number of relations
between the activities.

For connecting diagram elements, we make use of OpenAl’s
ol model, as models with integrated chain-of-thought (CoT)
reasoning are expected to achieve better results on logic-based
tasks, such as assigning activities to systems.

D. Prompt Design

For each task, we designed a prompt following a predefined
template while keeping the instructions as simple and consis-
tent as possible. Depending on the task, the prompt requires
the LLM to generate missing diagram elements, select required
diagram elements from a library, or establish relations between
diagram elements.

Each prompt is composed of five logical blocks:

o Task Description: A description of the problem and the
task to be solved by the LLM.

« Element Type Specification: A definition of the target
diagram element type together with a list of correspond-
ing element candidates from the model library.

« Example Structure: A specification of the example
structure, including an input—output example.

« Domain Context: The SLRDs or use case serving as the
basis for the task.

¢ Constraints: Additional modeling constraints and as-
sumptions that limit the scope of the generated output.

o Output Format: A specification of the required output
representation.

An example prompt template for selecting the SL activities
is shown in Figure 3.

V. EVALUATION

We evaluate our approach in two steps. First, we auto-
matically compare the generated diagrams against reference
diagrams from our industry partner on a per-step basis (Sec-
tion V-B). Afterward, we conduct a survey with nine architects

Identification of activities on Level 1

Based on the use case, please select all actions required for a
SysML activity diagram.

The possible actors or systems for the activity are [List of possible
actors and systems].

Only provide super activities. If multiple activities can be substi-
tuted by a single activity and the activity is an possible activity
provide only the super activity.

Remember to add all activities that provide input data or are
needed for communication.

As an example given the use case [Example use case] with the
[Example actors] as possible actors and the [Example systems] as
possible system should return the following activities: [Example
activities].

Given this Use Case: [Use case].

Given the following possible actor activities: [Actor activities from
the library].

Given the following possible system activities: [System activities
from the library].

Only provide activities that are directly linked to the use case.
Assume all systems are already in the initial state required by the
use case.

Do not provide activities that can be described or are fulfilled in
a separate Use Case.

Answer only as a comma separated list of the needed activities.

J

Fig. 3. Prompt template for selecting SL activities (Step 2)

from our industry partner. The survey asks them to evaluate
and rank sampled diagrams against the reference diagrams
(Section V-C) and to reflect on their modeling methodology
(Section V-D). Finally, we discuss the survey results with
respect to our research questions (Section V-E).

A. Dataset

The dataset used for this evaluation comprises 18 SLRDs,
containing a total of 727 individual requirements distributed
across 72 use cases. Due to dependencies on organizational
structures, quantitative information regarding the SL elements
cannot be disclosed. At the SSL, the dataset library includes
more than 1,000 activities distributed across more than 300
SSL systems. Furthermore, the reference model contains more
than 4,000 interconnections at the SSL.

To evaluate this approach, more than 10% of the reference
model elements were used. Due to the reuse of diagram
elements, the resulting ground truth at the SSL comprises
more than 300 systems and over 400 activities. Each activity
is mapped to a corresponding system, and the activities are
interconnected by more than 750 relations.

B. Direct Comparison to Existing Diagrams

We evaluate each of the three steps of our approach sepa-
rately by directly comparing their outputs to the corresponding
elements of the reference diagrams from our industry partner.
This fine-grained comparison allows us to identify where



TABLE I
EVALUATION RESULTS FOR THE DIFFERENT LLMS IN THE SELECTION OF REQUIRED DIAGRAM ELEMENTS. THE RELATIONSHIPS BETWEEN ACTIVITIES
AND SYSTEMS WERE TAKEN INTO ACCOUNT. FOR ACTORS, ONLY SL IS SHOWN, AS NO ACTORS WERE AND HAVE BEEN IDENTIFIED AT SSL.

GPT-3.5-turbo GPT-40-mini GPT-40 03-mini ol
Element P R F; P R F; P R F; P R F; P R F;
Actors SL .39 .69 .50 41 .89 .56 .66 .87 75 81 .81 81 71 75 73
Systems SL .60 .68 .63 .62 .81 71 .88 .84 .86 .83 i 80 .90 90 .90
Systems SSL 12 .19 .14 25 33 29 36 .38 37 34 31 33 35 38 .37
Systems comb. 18 27 21 31 41 .36 44 46 45 42 .39 40 44 A48 45
Activities SL .02 1 .03 .10 27 15 .29 52 37 .35 38 37 40 53 46

Activities SSL .01 .02 .01 .06 .06 .06
Activities comb. .01 .04 .02 .08 11 .09

1 06 08 14 05 .08 06 .04 .05
20 17 a8 24 13 17 19 16 .17

Micro Avg. SL 09 37 14 23 53 32
Micro Avg. SSL .05 .09 06 .16 .17 .16
Micro Avg. total .06 .16 .08 .19 26 .22

45 67 54 55 57 56 56 66 .61
25 .19 22 27 16 20 21 .18 .20
33 31 32 2 37 30 32 30 3l

TABLE 11
RESULTS FOR GENERATING MISSING DIAGRAM ELEMENTS (LOWER
LEVENSHTEIN DISTANCE AND HIGHER EMBEDDING SIMILARITY ARE
PREFERRABLE)

Levenshtein Dist. Embedding Sim.

Elements Level GPT-4o0 ol GPT-40 ol
Actors SL .79 .76 g7 77
System SL 1.00 1.00 .62 .60
ystems —sqr. 98 1.00 70 64
Activities SL 1.00 1.00 .66 .62

SSL 1.00 1.00 .66 .62

errors are introduced and which steps benefit most from
prompt engineering or model selection.

a) Generation of Diagram Elements: To evaluate ele-
ment generation, we remove individual elements from the
library and task the LLM with regenerating them based
on the requirements. We then measure the normalized
Levenshtein distance and the cosine similarity of vector
embeddings between the generated and the original ele-
ments. For the embedding-based similarity, we use OpenAI’s
text-embedding-3-large model. We remove each ele-
ment in the dataset exactly once, keeping all other elements
intact, so that every element contributes one evaluation in-
stance. Moreover, we compare the results from an instruct
model (GPT-40) with those from a reasoning model (ol).

The results in Table II indicate that the normalized Lev-
enshtein distance for systems and activities is close to one,
suggesting that the generated names differ substantially from
the original ones. This discrepancy is most commonly caused
by overspecification, such as generating vehicle driver instead
of the more concise driver. Additionally, actors tend to benefit
from shorter name lengths under this metric. Embedding-based

similarity ranges from 0.6 for high-level systems to 0.77 for
actors, indicating that generated names are semantically related
but not identical to the originals. Notably, SSL elements
achieve a slightly higher cosine similarity than SL elements,
which we attribute to the same overspecification behavior on
SL. In general, GPT-40 performed better than the reasoning
model ol on this task, as it achieved lower or comparable
Levenshtein distances for most element types and higher
embedding similarity across all elements.

b) Selection of Diagram Elements: Next, we evaluate
element selection by comparing the activities identified by the
LLM against the reference diagram. An activity is counted
as correct only if it is assigned to the correct system. As
metrics, we report precision, recall, and F;-score. For this
step, we additionally compare GPT-3.5-turbo, GPT-40 mini,
and o3-mini to evaluate if smaller and/or less expensive models
perform comparably to the larger and/or more expensive ones.

Table I presents precision, recall, and F;-score per model
for actors, systems, and activities at both SL and SSL, as well
as micro-averaged totals. Overall, GPT-40 achieves the highest
micro-averaged F;-score (F; = 0.32), followed closely by ol
(F1 = 0.31) and 03-mini (£} = 0.30).

However, Fi-scores of about 30% are not sufficient, espe-
cially if the recall is as low as well. This is mainly due to
performance differences across levels. For elements on SL,
the overall performance is more than double the performance
on SSL (54% vs. 27% F,-score for GPT-40). The selection
of activities performs worse than the selection of systems and
actors across levels. This can partly be explained by many
activities being assigned to the wrong system. Ignoring the
system association, activities combined increase to 35% F;-
score and activities on SL even to 51% F;-score with GPT-4o.

Model choice has a clear impact: more recent models con-
sistently outperform older ones, confirming outcomes of sim-
ilar studies [26]. GPT-40 achieves particularly strong results
relative to its recency, likely due to its role in prompt tuning



TABLE III
EVALUATION RESULTS FOR THE DIFFERENT LLMS FOR THE TASK OF RELATION GENERATION. WE REPORT RESULTS WITH IGNORING THE TYPE OF THE
GENERATED RELATION (W/O TYPE), ONLY MEASURING THE CONNECTED ELEMENTS AND RELATIONS THAT WERE ENTIRELY CORRECT.

GPT-3.5-turbo GPT-40-mini GPT-40 03-mini ol
Element P R F; P R F, P R F; P R F, P R F
Relations w/o type SL A9 15 17 37 37 37 69 54 60 70 .63 .66 .68 .61 .64
Relations w/o type SSL 08 06 07 25 .15 .18 31 21 25 22 18 20 34 27 .30
Relations w/o type comb. .10 .08 .09 29 20 24 40 29 34 34 29 31 43 34 .38
Relations SL A3 11 12 33 33 33 60 47 53 61 55 58 .61 55 .58
Relations SSL 03 03 03 .10 06 .08 .12 .08 .10 .12 .10 .11 .22 .16 .19
Relations comb. 06 05 05 18 12 15 25 17 21 25 21 23 32 25 .28
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Fig. 4. Results of the survey on whether the diagrams meet the requirements.
Higher values indicate that, on average, the architects believe the diagram
better fulfills the requirements. The numerical values are based on the Likert
scale. A score of 2 indicates full agreement with the statement The diagram
meets all functional requirements in the SLRD. A value of —2 indicates
complete disagreement.

during development. Notably, 03-mini, being less expensive
than ol, achieves results comparable to the larger reasoning
model and produces the best overall results for selecting
actors. However, overall, GPT-40 performs better and requires
far fewer tokens than the reasoning models. Based on these
results, we select GPT-40 with zero-shot prompting as the final
configuration for the expert evaluation.

c) Generation of Relations: We evaluate relation gener-
ation against two criteria: (1) whether the connected elements
match the reference, and (2) whether the connection type and
assigned signal are correct. A relation is considered fully
correct only if both criteria are met. We compare the five
different LLMs used in the previous step in a zero-shot setting.

Table III reports precision, recall, and F;-score for each
model across two criteria: relations ignoring the connection
type (w/o type) and fully correct relations including the
assigned type and signal, each broken down by SL, SSL, and
combined. ol achieves the highest combined F;-score both
without type (F; = 0.38) and with type (F; = 0.28), with 03-

Fig. 5. In this figure, the survey results on whether the diagrams explain
the use case or subsystem well are shown. A higher value indicates that, on
average, the architects believe the diagram explains the use case or subfunction
better. The numerical values are based on a Likert-scale evaluation, where a
score of 2 indicates full agreement with the statement The diagram explains
the use case or the subfunction in the SLRD well, and a score of —2 indicates
complete disagreement.

mini and GPT-40 following closely on the w/o-type metric.
Only on SL does o3-mini perform better without type and
comparable with type. Again, we see a drop in performance
from SL to SSL. For relation generation, this decrease is even
greater than for selecting elements, dropping from 58% to 19%
for ol. This shows again that generating SL diagrams might
be feasible in the near future, while the more detailed SSL
seems out of reach at the moment. In general, models with an
integrated CoT mechanism perform better than those without.
Thus, we select ol for the expert evaluation.

C. Survey: Diagram Evaluation

Nine architects from our industry partner participated in
a survey to evaluate the quality of the generated diagrams.
Each participant was shown three use cases: a simple scenario
(UC1), a complex scenario (UC2), and a scenario (UC3)
whose reference diagram was created without any survey
participant’s involvement. For each use case, three activity
diagrams were presented at both SL and SSL without revealing
their origin: (1) a fully generated diagram, (2) a library-based



TABLE IV
THIS TABLE SHOWS THE AVERAGE RANK OF THE DIAGRAMS. THE
DIAGRAMS ARE RANKED FROM 1 (BEST) TO 3 (WORST).

Use Case 1 Use Case 2 Use Case 3

Diagram SL SSL SL SSL SL SSL
Fully generated 2.17 3.00 243 2.00 2.00 233
Generated with lib 1.33 1.67 229 2.86 183 2.17
Reference 250 133 129 114 2.17 1.50

diagram using the reference elements available in the library,
and (3) the reference diagram. Architects rated each diagram
on a five-point Likert scale (—2 = “strongly disagree” to +2
= “strongly agree”) for two statements:

(1) the diagram fulfills all functional requirements and (ii)
the diagram explains the use case well. In addition, architects
ranked the three diagrams per use case and abstraction level
by overall quality.

a) Requirement Fulfillment: Figure 4 presents the mean
ratings per diagram and use case. At SL, only one diagram
received a neutral or better score: the UC2 reference (u =
0.29); all others were rated negatively. For UC1 and UC3 on
SL, the reference diagram was rated similar to or even worse
than the generated ones. At SSL, the reference diagrams of
UCI1 and UC2 received positive ratings, while all generated
diagrams were rated negatively. For UC3, the library-based
generated diagram was rated neutral, while the fully generated
and reference diagrams were rated negatively.

b) Use Case Explanation: Figure 5 shows the mean
ratings for “The diagram explains the use case well,” question.
At SL, library-based diagrams for UC1 and UC3 received the
highest ratings, whereas the reference diagram received the
highest rating for UC2. On SSL, the reference diagram was
rated highest for each use case. While for UC2 and UC3 the
generated diagrams were rated neutrally, for UC1 the fully
generated was rated consistently negative.

c) Overall Ranking: Table IV presents the average ranks
per diagram (lower = better). At SL, library-based diagrams
rank particularly well. On SSL, reference diagrams are ranked
clearly higher than generated diagrams.

Another general observation is the high variance in archi-
tects” responses: only four of all eighteen diagrams were not
ranked first by at least one architect.

Table V shows the F;-score of the diagrams evaluated by
the architects. The Fi-score was calculated as micro average
of all diagram elements and relations against the reference.

D. Survey: Method Evaluation

In addition to evaluating the diagrams, the survey asked
architects about their modeling practices using two Likert
statements (—2 to +2): (i) “I base the modeling of new features
heavily on previously created models or diagrams”, assessing
whether diagram suggestions can be meaningfully integrated
into the development process; and (ii) “I find it complex to

TABLE V
MICRO AVG. F{-SCORE OF THE DIAGRAMS SHOWN TO THE ARCHITECTS.

Use Case 1 Use Case 2 Use Case 3
Diagram SL SSL SL SSL SL SSL
Fully generated 0.09 0.00 0.09 0.08 0.00 0.00
Generated with lib 0.71 0.17 033 0.09 026 0.14

take previously created elements into account when model-
ing”, assessing how disruptive architects perceive referencing
existing library elements. A third open-ended question asked
participants to name the most significant current problem they
face while modeling the requirements.

For statement (i), the mean score was 1.22, with no architect
rating below 1. For statement (ii), the mean score was 0, indi-
cating neither agreement nor disagreement. Free-text responses
to the third question were clustered by keyword. Architects
most frequently cite requirements themselves as a core prob-
lem in modeling. A second recurring theme was consistent
modeling, i.e., maintaining alignment between requirements
and diagrams and adhering to a uniform level of abstraction.
All responses were independent of the architect’s modeling
experience.

E. Discussion

We now discuss the survey results with respect to our three
research questions.

RQ1: Consistency of SysML activity diagrams generated
by LLMs. LLMs produce good results for simple diagrams
but do not yet reach the quality of experienced architects for
complex structures, consistent with the automated compari-
son in Section V-B. Notably, diagram quality, as assessed
by architects, does not necessarily correlate with automated
matching scores; for example, the Use Case 3 was rated high
quality at SL by experts despite showing a low F;-score in the
automated evaluation. The step-wise evaluation further reveals
a tendency to overspecify: on average 3.72 elements were
generated per requested element, which reduces the apparent
precision of the generation step, and fully generated SL dia-
grams were often perceived as closer to SSL abstraction. From
the diagram evaluation (Section V-C), no diagram achieved
full agreement on requirement fulfillment, including the ref-
erence diagrams themselves, reflecting the inherent difficulty
of encoding requirements in a diagram. The widening gap
between generated and reference diagrams at SSL suggests
that complexity amplifies generation deficiencies. In follow-
up discussions, architects noted that different diagrams failed
to capture distinct subsets of requirements, making direct com-
parisons difficult. Differences between generated and reference
diagrams are small at SL, while reference diagrams remain
clearly superior at SSL. Generated diagrams are competitive in
explaining use cases at SL, but fall behind reference diagrams
at SSL for more complex scenarios. In follow-up discussions,
architects noted that the generated diagrams contain many



accurate and interesting modeling approaches, but also include
disconnected activities or a mix of elements from SL and
SSL systems. The high variance across architects’ ratings and
the fact that even reference diagrams were not consistently
ranked first underscore the subjective nature of diagram quality
assessment.

RQ2: Factors impacting LLM performance in activity
diagram generation. LLMs also frequently fail to adhere
to predefined output formats such as JSON or CSV; these
formatting errors and their corrections can affect the resulting
diagrams. The relatively stronger performance of ol and o3-
mini in relation generation, compared to diagram element
identification, indicates that CoT models outperform non-CoT
models on tasks requiring reasoning.

RQ3: Impact on architecture quality in an industrial
setting. From the method evaluation (Section V-D), the strong
and unanimous agreement on reliance on existing diagrams
confirms that providing architects with reference diagrams
is methodologically sound, and that high-quality generated
diagrams could serve as useful starting points. The neutral
rating on statement (ii) indicates that incorporating previously
created elements into modeling is not a pressing concern for
the architects. The identified challenges, namely requirements
quality and consistent abstraction levels, apply equally to
automated approaches, which share the same requirements
as input. From the diagram evaluation (Section V-C), gen-
erated diagrams are competitive with manual ones for simple
scenarios, and follow-up interviews revealed that even lower-
quality diagrams may better represent individual requirements.
Consequently, automated diagram generation can improve
architectural quality by providing novel design perspectives
and a foundation for manual refinement.

VI. THREATS TO VALIDITY

This study is subject to several threats to validity, primarily
stemming from the stochastic behavior of LLMs, the construc-
tion of reference artifacts, and the restricted evaluation context.

First, LLMs inherently exhibit non-deterministic response
behavior, which affects reproducibility. To mitigate this threat,
each F;-score calculation was executed 20 times, and the
results were averaged. While this procedure reduces random
variance, it does not eliminate systematic biases introduced by
model sampling behavior. Reproducibility is further limited by
the use of proprietary industry-partner models that were fine-
tuned on an undisclosed amount of internal documentation.
As these models are not publicly accessible and their training
distributions are unknown, independent replication of the
evaluation is constrained.

Second, LLMs are known to produce hallucinated or se-
mantically imprecise outputs. To address this issue, we im-
plemented a structured mapping procedure that aligns LLM
outputs with diagram elements. However, this mapping it-
self introduces a potential source of error, as mismatches
between generated content and diagram entities may distort
the computed metrics. We mitigated this risk by empirically
determining a sufficiently high similarity threshold to balance

false positives and false negatives. Nevertheless, the mapping
mechanism remains a methodological sensitivity that may
influence quantitative results.

Third, the validity of the evaluation depends on the quality
of the reference diagrams and SLRDs. Since these artifacts
were manually created, they may contain inaccuracies, incon-
sistencies, or omissions. Consequently, a mismatch between
a generated diagram and its reference does not necessarily
indicate an incorrect result, as the reference itself may reflect
human error or ambiguous interpretations of requirements. To
reduce reliance on any single artifact, the evaluation combines
automated F;-score-based comparisons with rankings provided
by experienced architects. Furthermore, 18 independently cre-
ated and reviewed SLRDs were included to distribute the risk
of individual modeling errors. Despite these precautions, resid-
ual bias originating from human-created reference artifacts
cannot be fully excluded.

We also emphasize the lack of reliable evaluation criteria.
The F;-score is not necessarily correlated with its classification
by human architects. Empirical human evaluations further
revealed a high variance in the assessment results.

The study was conducted with a single industry partner in
the domain of vehicle systems development. Domain-specific
modeling conventions, standards, and architectural practices
may have influenced both the generated diagrams and their
evaluation. Consequently, the generalization of the results to
other domains or modeling environments is limited.

Overall, the most substantial risks to validity arise from
limited reproducibility due to proprietary, fine-tuned models
and stochastic model behavior, and from dependence on man-
ually created reference artifacts that may themselves contain
imperfections. While mitigation measures were implemented
to reduce these risks, they remain primary factors that could
affect robustness and transferability of the reported results.

VII. INDUSTRY APPLICATION

In response to this study, we decided to implement addi-
tional assistance mechanisms for architects, including LLM-
based support for selecting diagram elements and providing
naming recommendations. In addition, similarity checks be-
tween diagram elements were implemented using vector em-
beddings to improve structural consistency and the detection
of reuse.

The approach demonstrates potential to reduce time spent
on both architectural diagram creation and training architects
to adhere to strict modeling conventions. Automated sup-
port for diagram element identification, structural validation,
and guideline compliance may substantially shorten modeling
cycles, decrease manual revision effort, and reduce incon-
sistencies. Moreover, the provision of automated feedback
on guideline violations and structural deficiencies suggests
strong applicability in educational and on-boarding contexts,
potentially accelerating the learning curve of junior architects
while improving overall model quality and consistency.

However, a fully automated generation process without
human correction does not appear feasible based on the



current results. Further limitations arise from the inherent
constraints of contemporary LLM architectures, particularly
token usage limits and restricted context length. Large and
complex architectural diagrams often exceed practical context
windows. Consequently, human validation remains necessary
to ensure correctness, consistency, and compliance with mod-
eling standards.

VIII. CONCLUSION

This paper presents a multi-step approach for automati-
cally generating SysML activity diagrams using LLMs. By
answering RQ1, this paper was able to demonstrate how
well LLMs can create SysML activity diagrams in a real-
world environment. Compared to the industry standard, the
diagrams are positively evaluated by architects at SL. For
more complex diagrams, however, the architects preferred the
reference diagrams.

The automatic evaluation of the steps, with Fj-scores of
32% for diagram element selection and 28% for relation
generation, indicates that the methodology is usable but does
not achieve high agreement with the reference diagrams. The
evaluation of the architects shows that the impact of low
Fi-scores may not be critical for the quality or usability of
the diagrams. Furthermore, performance on simpler diagrams
was higher, but the approach requires further optimization for
complex ones. The requirement fulfillment of the generated
diagrams is at a similar level to that of the reference diagrams.
As part of RQ2, this study identified the factors that influence
performance in architecture generation. Prompting technique
and the choice of LLM affect diagram quality metrics.

A survey with industry partner architects validated, with
respect to RQ3, that a tool for the automated generation of
activity diagrams can improve architectural design, as many
architects rely on existing diagrams. In combination with the
analysis results, the proposed method can support architects
by generating diagram suggestions.

Based on the results, the use of this approach in a real-
world environment is only partially reasonable. However, the
findings show that the approach can serve as a source of
inspiration for architects. For example, using individual steps,
such as selecting diagram elements, can support architects in
their work. The results also appear promising, particularly for
less complex diagrams.

The paper indicates that further work is needed, particularly
on activity selection in complex diagrams. Research in two
areas is particularly promising: by integrating classical NLP
methods into the identification process, additional validation
loops could be introduced into diagram element selection.
In addition to classical NLP methods, explicit steps, similar
to those used by Yang et al. [25], could be incorporated
to ensure that diagram element selection considers specific
design patterns or architectural rules, such as the separation
of controller and manager systems.

This paper did not focus on the quality requirements of
the use cases and their specifications. An investigation into
the relationship between the quality of requirements and the

quality of generated diagrams, similar to work on traceability
link recovery [27], could provide deeper insights into the
challenges of automated UML and SysML diagram generation.
This is supported by interviews with architects, in which
four of the respondents described requirement definition and
traceability as the biggest challenges in modeling. Recent work
on LL.M-based traceability link recovery [28], [29] may offer
complementary solutions for this challenge.

Likewise, this paper did not evaluate the approach’s eco-
nomic efficiency. Questions regarding potential time savings
or cost reductions in the architecture creation process remain
unanswered. Similarly, no cost analysis of the method was
performed, which is particularly relevant when considering
industrial deployment.

Lastly, agentic workflows and teammates are on the rise and
promising candidates for various tasks in the software devel-
opment lifecycle [30]. Accordingly, tackling this problem in
an agentic way with cycles, self-criticizing and feedback, tool
usage as well as using them for knowledge management [31]
may result in major improvements.
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