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Abstract

Large Language Models (LLMs) show growing potential for transforming natural-language
engineering information into formal model-based artefacts. However, their reliability for
SysML-v2 artefact generation remains insufficiently understood, particularly regarding
prompt-strategy selection, model-dependent variability, and task-specific performance.
This paper proposes a prompt-strategy-driven method for LLM-assisted SysML-v2 artefact
generation in Model-Based Systems Engineering. The method is grounded in a systematic
literature analysis and a Harvey-Balls-based assessment of existing approaches, which
reveal gaps in reproducibility, prompt evaluation, and formal modelling support. The
proposed workflow integrates input preparation, prompt-strategy selection, LLM selection,
artefact generation, syntax validation, and quality evaluation. It is evaluated using a
traction battery system case study across three representative modelling tasks: requirements
generation, block definition modelling, and state-machine modelling. Four LLMs are
compared using five prompt strategies and assessed through F1-score analysis and LLM-
as-a-Judge evaluation. Within the investigated traction-battery case study, the observed
artefact scores differed across prompt strategies and modelling tasks, and no single strategy
achieved the highest observed score across all tasks. Overall, the findings indicate that
LLMs can support early-stage SysML-v2 modelling as human-in-the-loop assistants, while
expert validation remains necessary to ensure syntactic correctness, semantic consistency,
and domain validity.

Keywords: large language models; prompt engineering; SysML-v2; model-based
systems engineering; artificial intelligence; requirements engineering; systems engineering;
retrieval-augmented generation; LLM-as-a-judge evaluation

1. Introduction
1.1. Background and Problem

Modern engineering systems increasingly combine mechanical, electrical, electronic,
and software-intensive subsystems. Their development requires consistent handling of
requirements, architectures, interfaces, and behavioural models across multiple disciplines
in a dynamic and often changing environment and trend-landscape. Model-Based Systems
Engineering (MBSE) addresses this challenge by replacing fragmented document-based
descriptions with formal system models that support consistency, traceability, verification,
validation, and reuse [1,2]. SysML-v2 strengthens this model-based paradigm by providing
a more precise textual notation and improved semantic foundations for formal system
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representation [3]. However, the creation of SysML-v2 artefacts remains difficult and time
consuming because it requires both domain knowledge and modelling expertise. Large
Language Models (LLMs) provide a promising opportunity to reduce this entry barrier.
LLMs are a class of deep-learning-based artificial intelligence models trained on large text
corpora to process and generate natural language and structured textual outputs. Their
ability to process natural-language input and generate structured text or code-like outputs
suggests potential for supporting formal engineering artefact generation [4,5]. In the
context of MBSE, LLMs may assist engineers in transforming textual system descriptions
into requirements, structural models, and behavioural models. Nevertheless, generated
artefacts are not automatically reliable [6]. They may contain syntactic errors, incomplete
model elements, hallucinated relations, or semantically inconsistent structures. Therefore,
the use of LLMs for SysML-v2 artefact generation requires systematic prompt design,
syntax validation, and task-specific quality assessment.

1.2. Research Gap

Recent studies indicate that LLMs and related Al techniques can support selected
Systems Engineering and MBSE activities, including requirements analysis, model gen-
eration, model querying, and knowledge retrieval [7-9]. However, existing approaches
remain fragmented. Many studies focus on isolated use cases, use only one LLM or one
prompt configuration, and provide limited evidence on how prompt strategies influence the
quality of generated model artefacts. SysML-v2 is also not consistently addressed, although
its textual notation is particularly relevant for LLM-based model generation. To investi-
gate this gap, a systematic literature analysis was conducted. The initial search identified
1207 studies across multiple scientific databases. After duplicate removal, title and abstract
screening, full-text assessment, and snowballing, eight primary studies remained for de-
tailed analysis. These studies were further assessed using a Harvey-Balls-based evaluation
scheme covering methodological clarity, application relevance, LLM integration, MBSE
relevance, SysML-v2 support, prompt engineering, tool/ API integration, and reusability.
The assessment shows that existing work provides valuable initial evidence, but lacks a
reproducible comparison of multiple LLMs, prompt strategies, and SysML-v2 artefact types
under comparable experimental conditions. Consequently, it remains unclear how prompt
strategy selection affects SysML-v2 artefact quality, how different LLMs perform across
requirements, structural, and behavioural modelling tasks, and which prompt-model
configurations are most suitable for specific modelling objectives.

1.3. Aim and Contributions

Based on this gap, the paper investigates the following research questions:

RQ1: How does prompt strategy selection affect the quality of generated
SysML-v2 artefacts?

RQ2: How do different LLMs perform across requirements, structural, and behavioural
modelling tasks?

RQ3: Which prompt-model configurations achieved the highest observed scores for
the investigated SysML-v2 artefact types in the traction-battery case study?

These research questions focus the study on the interaction between prompt strategy,
model selection, and artefact type. This enables a task-specific evaluation of LLM-assisted
SysML-v2 generation instead of treating MBSE automation as a single generic problem.

This paper makes three contributions. First, it proposes a five-phase method for
prompt-strategy-driven SysML-v2 artefact generation. The method covers input prepa-
ration, prompt strategy selection, LLM selection, artefact generation, syntax validation,
and quality evaluation. Second, it provides a comparative evaluation of four LLMs and
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five prompt strategies across three representative MBSE tasks: requirements generation,
block definition modelling, and state-machine modelling. Third, it combines syntax vali-
dation, F1-score analysis, and LLM-as-a-Judge assessment to evaluate both element-level
correctness and semantic model quality. This design comprises 20 core model-prompt
configurations for each modelling task, supplemented by two platform-native RAG Upload
configurations for requirements generation, resulting in 62 configurations overall. It there-
fore provides a broader controlled comparison than studies evaluating only one model
or prompt configuration. The present study focuses on Model-Based Systems Engineer-
ing; data-driven Systems Engineering is considered a complementary research direction
requiring different data sources, learning methods, and validation criteria. Within the
investigated case study, prompt-strategy selection was associated with task-dependent
differences in artefact scores, and no single strategy achieved the highest observed score
across all modelling tasks. This indicates that LLMs can support early-stage SysML-v2
modelling as human-in-the-loop assistants, but expert validation remains necessary to
ensure syntactic correctness, semantic consistency, and domain validity.

2. Related Work and Research Gap
2.1. LLMs for Model-Based Engineering

Large Language Models are increasingly investigated as assistants for engineering
tasks that require the transformation of natural-language information into structured repre-
sentations. In Model-Based Systems Engineering, this capability is particularly relevant
because many early system descriptions, stakeholder needs, and requirements are initially
expressed in textual form, whereas later development activities require formalized arte-
facts such as requirements models, structural decompositions, interfaces, and behavioural
descriptions. Prior work has shown that LLMs can support selected MBSE activities, in-
cluding requirements analysis, model querying, model manipulation, and preliminary
SysML-v2 model generation [7-9]. However, the use of LLMs in model-based engineering
differs from general text generation. A generated artefact must not only be linguistically
plausible, but also syntactically valid, semantically consistent, and compatible with the
modelling language and tool environment. This is especially relevant for SysML-v2, whose
textual notation makes it more accessible to LLM-based generation than purely graphical
modelling languages, but also imposes formal constraints on element definitions, rela-
tionships, and behavioural constructs [3]. Consequently, LLMs should be understood as
human-in-the-loop modelling assistants rather than autonomous modelling systems. De-
spite their potential, LLMs remain subject to well-known reliability limitations. They may
generate plausible but incorrect content, omit relevant elements, introduce unsupported
relations, or produce outputs that are syntactically close to the target language but not
executable in a modelling tool [10]. These limitations are critical in MBSE, where model
artefacts are expected to support traceability, verification, and decision-making. Therefore,
LLM-assisted SysML-v2 generation requires structured prompting, explicit validation, and
task-specific evaluation.

2.2. Prompt Engineering for SysML-v2 Artefact Generation

Prompt engineering provides a mechanism for controlling LLM behaviour by specify-
ing the task, context, constraints, examples, reasoning steps, and expected output format.
In the context of SysML-v2 artefact generation, prompt design is particularly important
because the output must combine domain content with formal modelling syntax. Gen-
eral prompts may be sufficient for exploratory text generation, but formal engineering
artefacts require more constrained prompting to reduce ambiguity and improve repro-
ducibility. The prompt strategies considered in this study represent different levels of
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guidance. Zero-Shot prompting serves as a baseline in which the model receives only the
task description. Few-Shot prompting adds examples to guide the structure and style of
the output. Chain-of-Thought prompting encourages stepwise reasoning before generating
the final artefact. Chain-of-Verification extends this idea by asking the model to review
and correct its own output. Retrieval-Augmented Generation adds domain-specific con-
text to the prompt and is therefore expected to improve completeness and terminology
alignment [5,11]. For SysML-v2 generation, these strategies address different modelling
challenges. Requirements generation benefits from contextual completeness and precise
formulation. Structural modelling requires correct decomposition, relation types, and
hierarchy. Behavioural modelling requires consistent states, transitions, triggers, and condi-
tions. Therefore, the effectiveness of a prompt strategy is expected to depend on the target
artefact type rather than being universally transferable across all MBSE tasks.

2.3. Systematic Literature Search

To position the proposed method within the current research field, a systematic lit-
erature search was conducted. The search focused on studies addressing the intersection
of LLMs, artificial intelligence, MBSE, SysML, SysML-v2, and methodical model genera-
tion. The databases included Scopus, ScienceDirect, IEEE Xplore, ACM Digital Library,
and INCOSE. The search strategy combined terms related to Large Language Models,
artificial intelligence, Model-Based Systems Engineering, SysML, SysML-v2, methods,
frameworks, and processes. The initial search returned 1207 records. After merging the
results, 157 duplicates were removed, leaving 1050 unique studies for screening. Title
screening excluded 779 studies, and abstract screening excluded a further 221 studies. This
resulted in 50 publications for full-text assessment. After applying the inclusion and exclu-
sion criteria, 44 publications were excluded due to missing access, language restrictions,
or insufficient relevance to the research questions. Backward and forward snowballing
identified two additional relevant studies. In total, eight primary studies were selected
for detailed analysis. The selected studies confirm that LLMs can support MBSE-related
tasks, but they also show that the field is still at an early stage. Existing work frequently
addresses individual use cases, such as natural-language interaction with models, require-
ments processing, or first model skeleton generation. However, only limited evidence is
available on how different LLMs and prompt strategies perform under comparable con-
ditions. Furthermore, SysML-v2 support, syntax validation, and reproducible evaluation
procedures are not treated consistently. The results of the PRISMA process are shown in
Figure 1 and Table 1.

Table 1. Primary studies selected through the systematic literature search.

No. Title Author(s) Year Source
s1 Accelerating Model-Based Systems Engineering Crabb, Erin Smith; Jones, 2004 [12]
by Harnessing Generative Al Matthew T.

An Agent-Based Approach for the Automatic

S2 Generation of Valid SysML v2 Models in Cibrian et al. 2025 [13]
Industrial Contexts
Easing Adoption of Model-Based System

53 Engineering With Application of Generative Al Patel et al. 2024 [14]

Generating SysML Behavior Models via Large
S4 Language Models: An Empirical Study Wang et al. 2025 [15]
S5 Leveraging Large Language Models for Direct John K. DeHart 2024 [16]

Interaction with SysML v2
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Table 1. Cont.
No. Title Author(s) Year Source
Enhancing Model-Based Systems Engineering .
S6 with Large Language Models Rafique et al. 2025 7]
LLM-Assisted Semantic Alignment and
S7 Integration in Collaborative Model-Based Lietal. 2025 [17]
Systems Engineering Using SysML v2
S8 SysML v2 Based Modelling Guidelines for Boelsen et al. 2025 [18]

Mechanical System Elements

c
,9 Scopus ScienceDirect IEEE Xplore INCOSE
® (n=240) (n=325) (n=61) (n=60)
o
=
e
S Records identified through database searching (n=1207)
S
Records after duplicates removed (n=1050) Duplicates removed (n=157)
m >
=
: -
(] Records screened by title (n=271) Records excluded after title screening (n=779)
o )
o
(75]
Records screened by abstract / eligibility (n=50) Records excluded after abstract screening (n=221)
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Q Papers excluded with reasons (n=44)
'g Studies included in final synthesis (n=8)
2 —[ Papers identified with backward search (n=2)
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Figure 1. PRISMA-based selection process from 1207 database records to eight primary studies
included in the final literature synthesis.

2.4. Harvey-Balls-Based Assessment of Existing Approaches

The selected studies were assessed using a Harvey-Balls-based evaluation scheme
shown in Figure 2. The criteria covered methodological clarity, understandability, applica-
tion accuracy, LLM relevance, MBSE relevance, SysML-v2 relevance, prompt-engineering
support, tool/API integration, and reusability. This evaluation was used to identify not
only whether existing approaches address LLM-assisted MBSE, but also how complete and
transferable they are for formal SysML-v2 artefact generation. The assessment shows that
most studies provide a clear motivation and understandable methodological descriptions.
Several works demonstrate that LLMs can support the transformation of natural-language
engineering descriptions into model-related structures or assist in interacting with existing
MBSE models [7-9]. Nevertheless, the level of formal modelling support varies consid-
erably. In particular, SysML-v2 is not consistently addressed, and prompt engineering is
often treated as an implementation detail rather than as an experimental variable. Tool
integration and reproducibility also remain limited, especially where generated outputs are
not validated against formal syntax or evaluated against explicit reference artefacts. These
findings indicate that existing research provides promising building blocks but does not
yet offer a systematic framework for comparing LLMs, prompt strategies, and SysML-v2
artefact types. This gap motivates the method and experimental design introduced in the
following sections.
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Figure 2. Harvey-Balls comparison of eight primary studies across nine methodological, LLM, MBSE,
SysML-v2, integration, and reusability criteria.

2.5. Derived Research Gap

The literature analysis and Harvey-Balls assessment reveal four central gaps. First,
existing studies rarely compare multiple LLMs under identical modelling conditions. Sec-
ond, prompt strategies are not systematically evaluated across different SysML-v2 artefact
types. Third, generated model artefacts are often assessed qualitatively, while quantitative
and semantic evaluation are rarely combined. Fourth, reproducible workflows that include
input preparation, generation, syntax validation, and task-specific quality assessment are
still missing. This paper addresses these gaps by proposing a prompt-strategy-driven
method for LLM-assisted SysML-v2 artefact generation. The method is evaluated across
requirements generation, block definition modelling, and state-machine modelling, thereby
covering textual, structural, and behavioural MBSE artefacts. By comparing four LLMs
and five prompt strategies using syntax validation, F1-score analysis, and LLM-as-a-Judge
evaluation, the study provides a structured basis for identifying which prompt-model
configurations are suitable for different SysML-v2 modelling tasks.

3. Methods
3.1. Methodological Design and Objectives

The proposed method was developed to support the controlled generation of
SysML-v2 artefacts from natural-language engineering information. Its purpose is not
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to replace model-based systems engineers, but to provide a structured human-in-the-loop
workflow in which Large Language Models (LLMs) assist the early creation of formal
model artefacts. The method addresses the research gap identified in Section 2 by enabling
a reproducible comparison of different prompt strategies, LLMs, and SysML-v2 artefact
types under comparable conditions. The method is based on four design objectives. First,
the generation process must be artefact-specific, because requirements, structural models,
and behavioural models impose different syntactic and semantic constraints. Second, the
method must support prompt comparability, allowing different prompt strategies to be
evaluated using the same task input. Third, it must support model comparability, so that
differences in the generated artefacts can be attributed to the selected LLMs and not to
varying input conditions. Fourth, the method must include validation and evaluation, since
SysML-v2 artefacts are only useful in MBSE if they are syntactically processable, semanti-
cally meaningful, and traceable to the intended engineering content. These objectives lead
to a workflow that separates input preparation, prompt strategy selection, LLM selection,
artefact generation, and quality evaluation. This separation is necessary because the quality
of the final artefact depends not only on the model, but also on the prompt formulation,
the available context, the target artefact type, and the validation procedure.

3.2. Five-Phase Workflow

The method consists of five consecutive phases, as shown in Figure 3. The phases de-
fine a controlled transition from informal engineering descriptions to evaluated SysML-v2
artefacts. Each phase produces an explicit intermediate result, which improves trans-
parency and supports reproducibility. The same LLM is used during one iteration of the
whole workflow. The concrete inputs, outputs, recorded information, and decision rules
for each phase are summarized in Appendix A, Table A2.

. max. 5 Iterations
Selection of

Prompt Strategy

SysML-v2 Code Syntax Validation in

Generation Cameo VL

Selection of LLM

Result
Documentation

Result Evaluation Result Interpretation

On the Basis of the Elements and the SysML-2-Code

Figure 3. Five-phase workflow covering input preparation, prompt and model selection, SysML-v2
generation, syntax correction, evaluation, and interpretation.

In Phase 1, the modelling task and the input information are defined. This includes
the selection of the System of Interest, the relevant engineering context, and the target
SysML-v2 artefact type. In this study, the artefact types are requirements, block definition
models, and state-machine models. The input is formulated in natural language and
contains the system information that should be transformed into formal model elements.
In Phase 2, the prompt strategy is selected. The method considers five prompt strategies:
Zero-Shot, Few-Shot, Chain-of-Thought, Chain-of-Verification, and Retrieval-Augmented
Generation. These strategies differ in the amount and type of guidance provided to the
LLM. The purpose of this phase is to define how the model is instructed, what contextual
information is provided, and which output format is required. In Phase 3, the LLM is
selected and configured. The selected models are used under comparable conditions
and receive equivalent task inputs. This ensures that differences in output quality can
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be analysed with respect to both prompt strategy and model behaviour. The method
distinguishes between model selection and artefact generation so that the experimental
setup remains transparent and reproducible. In Phase 4, the SysML-v2 artefact is generated.
The natural-language input, selected prompt strategy, and selected LLM are combined to
produce SysML-v2 code. The generated output is then checked for syntactic validity and
compatibility with the modelling environment. If syntax errors occur, correction iterations
are performed while preserving the intended model content. Each model-prompt-task
configuration was generated once. Where syntax errors occurred, up to five correction
iterations were performed using the validation feedback; these iterations were part of
the syntax-repair procedure and did not constitute independent repeated experimental
runs. This phase also includes systematic documentation of prompts, model outputs,
correction steps, and final artefacts. In Phase 5, the generated artefacts are evaluated and
interpreted. The evaluation depends on the artefact type. Requirements and structural
elements can be compared against reference artefacts designed for this use case on the basis
of the same data the LLMs are given, using precision, recall, and F1-score. Behavioural
models, such as state-machine models, may allow multiple valid solutions and therefore
require semantic assessment in addition to element-level comparison. For this reason,
the method combines quantitative metrics with LLM-as-a-Judge evaluation. The judge
model, evaluation procedure, scoring scale, number of judging runs, and relationship to
the evaluated generation models are documented in Appendix A, Table A4.

Artificial intelligence was used in this study as the object of investigation, as a con-
trolled modelling assistant for generating candidate SysML-v2 artefacts from natural-
language engineering input, and as an evaluation instrument. The four experimental gener-
ation models were ChatGPT-5.4 Pro, Gemini 3.1 Pro, Llama 4 Maverick, and DeepSeek-v3.
Claude Opus 4.6 was used separately for the LLM-as-a-Judge evaluation and was not one
of the models compared for artefact generation. ChatGPT-5.5 was used only for linguistic
revision, formulation support, and translation of the manuscript. All LLM-generated out-
puts were documented, syntactically validated, and evaluated against reference artefacts or
semantic assessment criteria, while expert review remained necessary to ensure modelling
correctness, consistency, and domain validity.

3.3. Prompt Strategies

The selected prompt strategies represent different levels of model guidance. Zero-Shot
prompting is used as a baseline and provides only the task description and expected output
format. This strategy tests whether an LLM can generate a SysML-v2 artefact without exam-
ples or additional reasoning support. Few-Shot prompting adds representative examples to
the prompt. The examples guide the model regarding syntax, structure, and level of detail.
This strategy is particularly relevant when the expected output follows a recurring pattern,
such as a requirement list or a block hierarchy. Chain-of-Thought prompting encourages the
model to reason stepwise before generating the final artefact. In SysML-v2 generation, this
can help the model identify relevant system elements, relationships, states, or transitions
before formalizing them. This strategy is expected to be particularly useful for behavioural
modelling, where the correctness of the result depends on sequential and conditional
logic. For the Chain-of-Thought configuration, the model was instructed to perform a
structured analysis before producing the final artefact. Only the final generated artefact and
any explicitly requested concise intermediate output were stored and evaluated; hidden
provider-internal reasoning was neither accessible nor assessed. Chain-of-Verification
prompting extends the generation process by requiring the model to review and correct its
own output. The aim is to reduce omissions, inconsistencies, and unsupported relations
before the artefact is evaluated. This strategy is relevant for structural modelling, where
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over-modelling and missing relations can both reduce model quality. Retrieval-Augmented
Generation adds external or task-specific context to the prompt. This context can include
system descriptions, domain information, or modelling constraints. The purpose is to
improve completeness and terminology alignment, especially for requirements generation,
where missing implicit information can reduce recall.

3.4. Artefact Generation and Syntax Validation

SysML-v2 artefact generation is treated as a controlled transformation task. The LLM
receives the same modelling input across comparable experimental conditions, while only
the prompt strategy and model are varied. The output is expected to follow the textual
SysML-v2 notation and to contain the model elements required by the target task. The
generated artefact is first assessed syntactically. For this purpose, the generated SysML-v2
code was imported into Cameo (Magic Systems of Systems Architect/Cameo Enterprise
Architecture 2026x). An artefact was considered syntactically valid when the import was
completed successfully and no syntax errors preventing parsing were reported by the
tool. A valid output must be processable in the modelling environment and must not
contain syntax errors that prevent import or parsing. If the generated code is invalid, the
error information is used for iterative correction. The correction process is restricted to
syntactic and structural repair; the intended semantic content of the generated artefact is not
manually improved during this phase. This distinction is important because the evaluation
should reflect the LLM-generated modelling quality rather than expert reconstruction
of the artefact. In addition to syntax validation, the method documents each generated
artefact together with the corresponding LLM, prompt strategy, input task, and correction
history. This documentation enables later comparison of prompt-model configurations
and supports reproducibility.

3.5. Evaluation Logic

The evaluation logic combines formal correctness and semantic quality. For artefact
types with an explicit ground truth, the generated elements are compared with reference
elements using precision, recall, and Fl-score. Precision indicates how many generated
elements are relevant, recall indicates how many reference elements were recovered, and
the Fl-score provides a balanced measure of both. This is suitable for requirements gen-
eration and selected structural model elements. However, not all SysML-v2 artefacts can
be evaluated adequately through exact element matching. Structural and behavioural
models may differ in naming, decomposition depth, or modelling style while still being
semantically valid. Therefore, the method also includes LLM-as-a-Judge evaluation to
assess criteria such as completeness, consistency, syntactic plausibility, semantic correctness,
and suitability for the intended MBSE task. This is particularly relevant for block definition
and state-machine modelling. The combined evaluation approach allows the method to
capture both measurable element-level correctness and broader model quality. As a result,
the method provides a basis for analysing how prompt strategy and model choice influence
SysML-v2 artefact generation across different modelling tasks.

4. Experimental Setup
4.1. Case Study System

The proposed method was evaluated using a traction battery system for battery
electric vehicles as the case study. This system was selected because it represents a safety-
relevant, interdisciplinary engineering system that combines electrical, thermal, mechanical,
and control-related functions. It therefore provides a suitable application context for
evaluating LLM-assisted SysML-v2 artefact generation across requirements, structural,
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and behavioural modelling tasks. The traction battery is treated as the System of Interest.
Its relevant engineering context includes energy storage, high-voltage operation, thermal
regulation, battery management, housing, electrical interfaces, and operational safety. The
case study is not intended to evaluate battery design itself, but to provide a realistic and
sufficiently complex engineering scenario for testing whether LLMs can transform natural-
language system information into formal SysML-v2 artefacts. This allows the experiment
to examine not only textual generation quality, but also whether the generated artefacts
contain meaningful system elements, consistent relationships, and behaviourally plausible
model structures.

4.2. SysML-v2 Generation Tasks

The experimental setup contains three modelling tasks. These tasks were selected to
represent the three central artefact categories required in early-stage MBSE: requirements,
structure, and behaviour.

4.2.1. Task 1 Requirements Generation

The first task evaluates whether LLMs can derive structured SysML-v2 requirements
from natural-language descriptions of the traction battery system. The generated artefacts
are expected to include relevant functional and non-functional requirements and to express
them in a form suitable for model-based processing. This task provides the semantic basis
for subsequent modelling activities because requirements define what the system must
achieve and constrain later architectural and behavioural descriptions. The output of
this task is compared against a reference set of validated requirements. The evaluation
therefore focuses on whether the LLM identifies the relevant requirement content, avoids
unsupported additions, and produces requirements that are sufficiently clear and complete
for further MBSE use.

4.2.2. Task 2 Block Definition Modelling

The second task evaluates structural model generation. The LLMs are instructed to
identify the relevant system, subsystem, and component elements of the traction battery
and to represent them as a SysML-v2 block definition model. The expected output includes
a hierarchical decomposition of the traction battery and relevant structural relationships
between its elements. This task is more complex than requirements generation because the
LLM must not only extract individual elements, but also organize them into a coherent
system architecture. Errors may occur through missing components, incorrect hierarchy,
over-modelling, or unsupported relations. For this reason, the evaluation considers both
element-level correctness and semantic modelling quality.

4.2.3. Task 3 State-Machine Modelling

The third task evaluates behavioural model generation. The LLMs are asked to derive
a SysML-v2 state-machine model for selected battery-related behaviour. The generated
artefact is expected to include relevant states, transitions, triggers, and conditions. This task
is used to examine whether LLMs can move beyond static decomposition and generate
behaviourally consistent model structures. State-machine modelling is the most interpre-
tive task in the experiment because there may be several valid ways to represent the same
behaviour. Therefore, exact comparison against one reference solution is less appropriate
than for requirements or structural elements. The evaluation focuses on behavioural plausi-
bility, consistency of transitions, completeness of states, and suitability for the intended
MBSE context.
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4.3. LLMs and Prompt-Strategy Matrix

Four LLMs were selected to cover both closed-source and open-source model cate-
gories. The closed-source models were ChatGPT-5.4 Pro by OpenAl and Gemini 3.1 Pro by
Google. The open-source models were Llama 4 Maverick by Meta Al and DeepSeek-v3 by
DeepSeek. This selection was used to compare proprietary models, which typically provide
strong language understanding and robust generation, with open models that may offer
advantages regarding transparency, local deployment, and data-control-sensitive MBSE
applications. The study uses these four models specifically to represent both commercial
and open LLM landscapes under comparable conditions. Detailed information on the
displayed model identifiers, access methods, access dates, and the specific role of each
model is provided in Appendix A, Table Al.

Each model was combined with five core prompt strategies: Zero-Shot, Few-Shot,
Chain-of-Thought, Chain-of-Verification, and Retrieval-Augmented Generation. This re-
sulted in 20 core model-prompt configurations for each modelling task. For requirements
generation, an additional platform-native RAG Upload condition was evaluated for Chat-
GPT and Gemini, for which direct document-upload functionality was available. Con-
sequently, the requirements task comprised 22 configurations, while the block-definition
and state-machine tasks each comprised 20 configurations, resulting in 62 configurations
overall. The RAG Upload condition was not fully crossed across all four models and relied
on platform-specific document-ingestion and context-processing capabilities. It therefore
represents a platform—-model-prompt condition and does not isolate the effect of retrieval
augmentation from platform-specific document handling. All models otherwise received
the same task inputs and corresponding core prompt-strategy variants.

4.4. Generation Procedure

Each experimental run follows the same procedure. First, the task-specific
natural-language input is prepared. Second, the corresponding prompt strategy is applied
to the input. Third, the prompt is submitted to the selected LLM. Fourth, the generated
SysML-v2 artefact is documented together with the model, prompt strategy, task, and con-
figuration. Fifth, the generated artefact is checked for syntactic validity and modelling-tool
compatibility. If syntax errors occur, correction iterations are performed. Corrections were
LLM-driven rather than manually reconstructed. The validation message and the previous
artefact were returned to the same model with a correction prompt, after which the revised
artefact was validated again. Human intervention was limited to transferring the artefact
and validation feedback between the model and the modelling tool. These iterations are
limited to repairing syntax or structural incompatibilities and are not used to manually
improve the semantic content of the generated model. This distinction is important because
the experiment aims to evaluate the LLM-generated artefact quality rather than the quality
of expert-corrected models. The final syntactically valid artefact, or the last generated
artefact if validity cannot be achieved, is then passed to the evaluation stage.

4.5. Evaluation Metrics

The evaluation combines quantitative and qualitative assessment. For Task 1 and
selected aspects of Task 2, a ground-truth-based evaluation is used. Generated elements
are compared with reference elements and classified as true positives, false positives, or
false negatives. Precision measures the share of generated elements that are relevant,
recall measures the share of reference elements recovered by the model, and the F1-score
provides a balanced measure of precision and recall. For Task 2 and Task 3, LLM-as-a-Judge
evaluation is additionally used because structural and behavioural models can be valid even
when they differ from a single reference solution. The judge evaluation considers criteria
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such as completeness, structural consistency, syntactic plausibility, semantic correctness,
and suitability for the modelling task. This is especially important for state-machine
models, where several state decompositions and transition structures may be acceptable.
The combined evaluation design allows the experiment to compare prompt strategies
and LLMs across different artefact types. It also prevents the assessment from relying
exclusively on exact element matching, which would be insufficient for complex SysML-v2
structures. The LLM-as-a-Judge scores are used as rubric-based comparative indicators
among the evaluated artefacts. They do not independently establish semantic correctness,
engineering validity, or suitability for industrial use, which require assessment by qualified
systems-engineering experts.

4.6. Experimental Scope and Reproducibility

The experimental scope is limited to early-stage SysML-v2 artefact generation. The
study does not claim to generate a complete industrial MBSE model or to replace expert
modelling. Instead, it evaluates how different LLMs and prompt strategies perform when
generating first-draft SysML-v2 artefacts from natural-language engineering information.
To support reproducibility, each run is defined by the same four parameters: modelling
task, input description, prompt strategy, and LLM. The generated outputs, correction
attempts, and evaluation results are documented for later comparison. Accordingly, the
reported results represent one documented generation sequence per configuration rather
than repeated sampling of each model’s output distribution. Consequently, the reported
differences are descriptive and do not establish statistical superiority or general optimality
of a prompt strategy. Based on this experimental design, Section 5 presents and discusses
the results for the three modelling tasks in the same sequence.

5. Results
5.1. Overview of the Evaluation

The results are presented according to the three SysML-v2 generation tasks introduced
in Section 4. The evaluation focuses on the effect of prompt strategy and model choice on
artefact quality. Requirements generation was evaluated primarily using F1-score analysis
against a reference set. The task-specific comparison units and the operational defini-
tions of true positives, false positives, and false negatives are provided in Appendix A,
Table A3. Block definition modelling was assessed using both F1-score and LLM-as-a-Judge
evaluation, since structurally valid models may differ in naming and level of decomposi-
tion. State-machine modelling was evaluated using LLM-as-a-Judge assessment because
multiple valid behavioural representations are possible for the same system behaviour.

Across the documented generation sequences, the observed artefact scores differed
across prompt strategies and modelling tasks. Within the investigated case study, context-
enriched prompting achieved the highest observed scores for requirements generation,
verification-oriented prompting achieved the highest combined observed performance
for structural modelling, and reasoning-oriented prompting achieved the highest average
judge score for behavioural modelling.

5.2. Requirements Generation

Requirements generation shows the clearest improvement with increasing prompt
structure and contextual support. Zero-Shot and Few-Shot prompting provide moderate
baseline results, while Chain-of-Thought and Chain-of-Verification improve the quality of
generated requirements by guiding the models toward more complete and consistent out-
puts. The highest observed scores in the requirements task were obtained when Retrieval-
Augmented Generation with document upload was used. In this platform-specific condi-

https:/ /doi.org/10.3390/ai7080274


https://doi.org/10.3390/ai7080274

Al 2026, 7,274

13 of 22

F1-Score

tion, ChatGPT and Gemini each achieved an overall F1-score of 0.80, representing the high-
est observed values in this task. This result reflects the complete platform-model-prompt
configuration and should not be attributed to retrieval augmentation alone, because docu-
ment ingestion and context processing were platform-specific. Within the investigated case
study, the result is nevertheless consistent with task-specific documentation supporting
the identification and formulation of relevant requirements. Figure 4 shows the observed
scores for the individual model-prompt configurations. Because RAG Upload was unavail-
able for DeepSeek and Llama, the figure does not support a general comparison between
proprietary and open-model categories for this condition. ChatGPT improves from 0.47 in
the Zero-Shot setting to 0.80 with RAG Upload, while Gemini improves from 0.45 to 0.80.
DeepSeek also benefits from structured prompting, particularly from CoT and CoVe, but
does not reach the level of the RAG Upload configurations because direct document upload
was not available. Llama shows weaker and more variable performance, indicating a
stronger dependency on prompt formulation.

Overall F1-Score

ChatGPT Gemini DeepSeek Llama

Prompt Strategy x LLMs

M Zero-Shot m Few-Shot W CoT mCoVe MRAG M RAG with Upload

Figure 4. Overall Fl-scores for requirements generation across LLMs and prompt strategies (DeepSeek
and Llama did not provide RAG-Upload functionality).

The aggregated results show that RAG Upload achieved the highest observed average
score in the requirements task, followed by CoVe and CoT. In contrast, the core RAG
condition without direct document upload produced lower observed scores. Because the
RAG Upload condition was available only through specific platforms, the difference reflects
both access to task-specific documentation and platform-specific document ingestion and
context processing. It should therefore not be interpreted as the isolated effect of retrieval
augmentation. The corresponding aggregated requirement-generation results by prompt
strategy and by LLM are provided in Appendix A, Figure Al.

5.3. Block Definition Modelling

The block definition modelling task reveals a more complex performance pattern
than requirements generation. Fl-score analysis alone suggests that Gemini and Llama
produce relatively stable structural outputs, while ChatGPT and DeepSeek show stronger
improvements when more structured prompt strategies are used. However, the F1-score
is sensitive to naming differences, modelling granularity, and the level of decomposi-
tion. As a result, models that generate semantically rich but differently structured BDDs
may be penalized despite producing useful artefacts. The aggregated BDD F1-score re-
sults by prompt strategy and by LLM are provided in Appendix A, Figure A2. The
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Normalized Score

1.2

detailed BDD Fl-score comparison across all LLM—prompt configurations is shown in
Appendix A, Figure A3.

For this reason, the Fl-score evaluation was complemented by LLM-as-a-Judge assess-
ment. The criterion-level ratings were summed and divided by the maximum attainable
total score. The resulting normalized score ranges from 0 to 1, with higher values in-
dicating more favourable ratings under the predefined LLM-as-a-Judge rubric. Under
the predefined judge rubric, ChatGPT received some of the highest ratings for complete-
ness and semantic detail, even though its Fl-score was low in several configurations
due to over-modelling and terminology mismatch. CoVe achieved the highest combined
observed performance for this task in the investigated case study, considering both the
F1-based and judge-based assessments. This observed pattern is consistent with the inter-
pretation that explicit self-verification can help reduce missing components and support
structural completeness.

Figure 5 shows that CoT and CoVe received the highest average normalized judge
scores, while RAG received lower scores in the BDD task. These scores are comparative
ratings under the predefined judge rubric and do not independently establish engineering
validity. Within this rubric, the observed pattern is consistent with structural modelling
benefiting from prompts that explicitly organize components and relations rather than
only provide domain information. The result also shows that exact element matching is
insufficient as the sole evaluation method for structural SysML-v2 artefacts. A valid BDD
may differ from the reference solution while still representing a coherent and useful system
structure. The corresponding aggregated normalized LLM-as-a-Judge results for the BDD
task are summarized in Appendix A, Figure A4.

Normalized Overall Score for Task 2

ChatGPT Gemini DeepSeek Llama
Prompt Strategy x LLMs

W Zero-Shot m Few-Shot mCoT mCoVe mRAG

Figure 5. Normalized LLM-as-a-Judge scores for block definition modelling across LLMs and
prompt strategies.

5.4. State-Machine Modelling

State-machine modelling is the most behaviourally demanding task in the experiment.
The generated artefacts must contain plausible states, transitions, triggers, and conditions.
Unlike requirements and structural decomposition, there is no single correct state-machine
representation. Therefore, the evaluation focuses on semantic plausibility, behavioural
consistency, and suitability for the intended SysML-v2 modelling context. More specifi-
cally, behavioural plausibility was assessed based on state completeness, logical transition
structure, consistency of triggers and conditions, and alignment with the traction-battery
operating description.
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Within the investigated case study, Chain-of-Thought prompting achieved the highest
average normalized judge score for this task. CoT reaches the highest average normalized
prompt-strategy score of 0.88 and is the only strategy for which all four models achieve at
least 0.75. This observed pattern is consistent with the interpretation that explicit stepwise
reasoning can support behavioural modelling by helping the model identify relevant states
and transition logic before producing formal SysML-v2 output.

Figure 6 shows model-dependent differences in the normalized LLM-as-a-Judge scores.
ChatGPT received the highest average normalized judge score of 0.95 and the maximum
rubric score in four of the five prompt strategies. DeepSeek received an average judge score
of 0.85, Gemini received 0.80, and Llama received 0.55. These scores provide comparative
ratings of the documented artefacts under the selected judge rubric. They should not be
interpreted as definitive measures of engineering validity or as independently validated
estimates of model capability. The aggregated state-machine LLM-as-a-Judge scores by
prompt strategy and by LLM are summarized in Appendix A, Figure A5.

Normalized Overall Score for Task 3

ChatGPT Gemini DeepSeek Llama

Prompt Strategies x LLMs

M Zero-Shot m Few-Shot mCoT mCoVe MRAG

Figure 6. LLM-as-a-Judge scores for state-machine modelling across LLMs and prompt strategies.

5.5. Cross-Task Comparison

Within the investigated case study, no prompt strategy achieved the highest observed
score across all modelling tasks. RAG with document upload achieved the highest ob-
served scores for requirements generation, CoVe achieved the highest combined observed
performance for block definition modelling, and CoT achieved the highest average judge
score for state-machine modelling. Because each configuration was generated once, these
findings describe the investigated generation sequences and should not be interpreted as
general rankings of prompt strategies.

The model comparison also reveals task-dependent differences. Under the predefined
LLM-as-a-Judge rubric, ChatGPT received comparatively high ratings in the BDD and
STM tasks. Gemini received scores in the upper observed range across several investigated
configurations, particularly for requirements generation and state-machine modelling.
DeepSeek received higher observed scores under several structured prompt conditions
with strategies that provide explicit reasoning or verification steps. The judge-based
comparisons are rubric-dependent indicators and do not constitute definitive assessments
of engineering validity.

Overall, the results support three conclusions. First, LLM-assisted SysML-v2 gener-
ation is feasible for early-stage modelling, but the generated artefacts require validation
before they can be used in engineering workflows. Second, prompt-strategy selection was
an important experimental factor associated with observed differences in artefact scores
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within the investigated case study. Third, evaluation must be adapted to the artefact type:
F1-score is useful for requirements and element-level comparisons, whereas structural and
behavioural models require additional semantic assessment.

6. Discussion

The results show that LLM-assisted SysML-v2 artefact generation is feasible, but
strongly dependent on the interaction between artefact type, prompt strategy, and model
selection. Within the investigated case study, the highest observed requirements-generation
scores occurred in the platform-specific RAG Upload condition. This pattern is consistent
with task-specific documentation supporting requirement identification and formulation;
however, the condition also depended on platform-specific document ingestion and context
processing and therefore does not isolate the effect of retrieval augmentation. However,
context alone is not sufficient if the model cannot reliably structure the retrieved informa-
tion. The RAG condition also reflects the retrieval and document-processing capabilities
available through each evaluated platform. Consequently, differences in this condition may
partly result from platform-specific context handling rather than from the prompt strategy
alone. For block definition modelling, the results show that structural SysML-v2 artefacts
require more than identifying correct components. The generated model must also contain
meaningful hierarchies, relationships, and decomposition levels. Therefore, F1-score alone
is insufficient for evaluating BDD quality, since semantically useful models may differ from
the reference in naming or granularity. The complementary LLM-as-a-Judge evaluation
provides a broader assessment of structural quality. However, these scores were not inde-
pendently calibrated against assessments by multiple MBSE experts and should therefore
be interpreted as structured comparative indicators rather than definitive measures of
engineering validity. The observed CoVe results are consistent with verification-oriented
prompting supporting the identification of missing elements and inconsistent structures
in this case study. State-machine modelling is the most complex task because it requires
behavioural reasoning about states, transitions, triggers, and conditions. The strong perfor-
mance of CoT suggests that stepwise reasoning is especially useful when the target artefact
depends on logical sequence and dynamic system behaviour. The model comparison
further shows that behavioural modelling is sensitive to general reasoning capability and
prompt formulation. Overall, prompt engineering should not be treated as a secondary
implementation detail. It is a central methodological factor that directly affects artefact
quality. Within the investigated case study, no single prompt strategy achieved the highest
observed score across all tasks. The observed results therefore indicate that prompt selec-
tion should be aligned with the intended SysML-v2 artefact type, while broader conclusions
require repeated generations and additional case studies. The findings also confirm that
LLMs should be used as human-in-the-loop modelling assistants rather than autonomous
model generators. They can support early modelling and reduce initial effort, but expert
validation remains necessary to ensure syntactic correctness, semantic consistency, and
domain validity. The study is limited by its focus on one engineering case study and a
defined set of LLMs and prompt strategies. In addition, F1-score evaluation depends on
the selected reference artefacts, while LLM-as-a-Judge assessment may introduce evaluator
bias. Prompt wording, model version changes, and available context may also influence
the results.

7. Conclusions

This paper proposed and evaluated a prompt-strategy-driven method for LLM-assisted
SysML-v2 artefact generation in Model-Based Systems Engineering. The method structures
the generation process into input preparation, prompt-strategy selection, LLM selection,
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artefact generation, syntax validation, and quality evaluation. It was evaluated in a traction
battery system case study across three representative early-stage MBSE tasks: requirements
generation, block definition modelling, and state-machine modelling. The study therefore
addresses textual, structural, and behavioural artefact generation within a controlled ex-
perimental setting. With respect to RQ1, the results indicate that prompt strategy selection
has a substantial influence on the quality of generated SysML-v2 artefacts. Prompting
should therefore not be treated as a secondary implementation detail, but as a central
methodological factor in LLM-assisted MBSE. The observed effects were task-dependent:
context-enriched prompting was most beneficial for requirements generation, verification-
oriented prompting improved structural modelling, and reasoning-oriented prompting
supported behavioural modelling. With respect to RQ2, the evaluated LLMs showed
task-dependent performance differences. ChatGPT and Gemini achieved high observed
scores in context-rich requirements generation, while ChatGPT received particularly high
comparative judge ratings for the structural and behavioural artefacts. DeepSeek benefited
from structured prompting, especially when reasoning or verification steps were included.
Llama showed higher variability, indicating that prompt design is especially important
for less stable model configurations. These findings suggest that model selection should
be aligned with the intended artefact type and evaluation objective rather than based on
general model capability alone.

With respect to RQ3, no single prompt-model configuration achieved the highest
observed score across all investigated SysML-v2 artefact types. Within the traction-battery
case study, RAG Upload achieved the highest observed scores for requirements genera-
tion, Chain-of-Verification achieved the highest combined observed performance for block
definition modelling, and Chain-of-Thought achieved the highest average judge score for
state-machine modelling. The RAG Upload result is platform-specific because this condition
was available only for ChatGPT and Gemini and depended on the native document-upload
and context-processing capabilities of their respective platforms. Because each configura-
tion was generated once, these results should be interpreted as descriptive findings for the
investigated case study rather than as generally optimal prompt-model configurations.

The main contribution of this study is a structured evaluation framework for com-
paring LLMs and prompt strategies in formal SysML-v2 artefact generation. The findings
indicate that LLMs can support early-stage modelling by accelerating the creation of
first-draft artefacts and by assisting engineers in transforming natural-language system
information into formal modelling structures. At the same time, the results show that
generated artefacts cannot be used without validation. Syntax checking, semantic assess-
ment, and expert review remain necessary to ensure correctness, consistency, and domain
validity. The conclusions of this study should be interpreted within the limits of the ex-
perimental scope. The evaluation is based on one engineering case study, a selected set of
LLMs and prompt strategies, and reference artefacts defined for the investigated tasks. In
addition, F1-score evaluation depends on the chosen ground truth, while LLM-as-a-Judge
assessment may introduce evaluator bias and provides rubric-based comparative indi-
cators rather than definitive measures of engineering validity. Nevertheless, the results
show that prompt-strategy selection and model choice were relevant experimental factors
within the investigated case study. LLMs should therefore be understood as human-in-
the-loop modelling assistants rather than autonomous MBSE tools. Future work should
extend the evaluation to additional engineering domains, further SysML-v2 artefact types,
tool-integrated validation workflows, and expert-based assessment to strengthen generaliz-
ability and practical applicability.
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8. Outlook

Future work should evaluate the proposed method in additional engineering domains
to assess its generalizability beyond traction battery systems. Further SysML-v2 artefact
types, such as internal block diagrams, parametric models, use cases, sequence models,
and interface models, should also be included to determine whether the observed prompt-
strategy effects remain stable across broader modelling tasks. Further research should
investigate stronger integration with MBSE tools, automated syntax repair, domain-specific
retrieval pipelines, and expert-based validation. A further extension could investigate
scenario-based SysML-v2 generation, in which data-driven generation and clustering meth-
ods provide representative operational or environmental scenarios that are subsequently
transformed into requirements and behavioural artefacts [19,20]. In particular, future stud-
ies should compare LLM-as-a-Judge results with assessments from experienced systems
engineers to reduce evaluator bias. In the long term, LLM-assisted MBSE should evolve
toward controlled, traceable, and tool-integrated workflows in which Al supports formal
modelling without replacing expert responsibility.
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The following abbreviations are used in this manuscript:

Abbreviation Definition
Al Artificial Intelligence
API Application Programming Interface
BDD Block Definition Diagram
CoT Chain-of-Thought
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CoVe Chain-of-Verification
F1-score Harmonic mean of precision and recall
LLM Large Language Model
MBSE Model-Based Systems Engineering
NLP Natural Language Processing
PRISMA Preferred Reporting Items for Systematic Reviews and Meta-Analyses
RAG Retrieval-Augmented Generation
RQ Research Question
STM State-Machine Modelling
SysML-v2 Systems Modeling Language version 2
Appendix A
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Figure Al. Supplementary results for requirements generation. (Left): Average Fl-score by prompt
strategy. (Right): Average Fl-score by LLM.
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Figure A2. Supplementary Fl-score results for block definition modelling. (Left): Average Fl-score
by prompt strategy. (Right): Average F1-score by LLM.
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Figure A3. Overall Fl-scores for block definition modelling across all LLM and prompt-strategy
combinations.
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Figure A4. Supplementary normalized LLM-as-a-Judge results for block definition modelling.
(Left): Average normalized score by prompt strategy. (Right): Average normalized score by LLM.
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Figure A5. Supplementary LLM-as-a-Judge results for state-machine modelling. (Left): Average
score by prompt strategy. (Right): Average score by LLM.

Table A1. LLM models and execution conditions.

Provider LLM Access Method  Last Access Date Use in the Study
SysML-v2 requirements, block
OpenAl ChatGPT-5.4 Pro ~ Web Interface 29 April 2026 definition models, and
state-machine models
SysML-v2 requirements, block
Google Gemini 3.1 Pro Web Interface 29 April 2026 definition models, and
state-machine models
SysML-v2 requirements, block
Meta Al Llama 4 Maverick API 29 April 2026 definition models, and
state-machine models
SysML-v2 requirements, block
DeepSeek DeepSeek-v3 API 29 April 2026 definition models, and
state-machine models
Table A2. Detailed description of the five-phase workflow.
Phase Input Main Activity Output Decision Rule
. System description ~ Select and structure ~ Task-specific input Inpl.lt. must Con’faln
Input preparation N . . sufficient domain and
and task definition = relevant information package . .
artefact information
Select Zero-Shot, Strategy selected according
PromPt strategy Input Rackage and Few-Shot, CoT, CoVe, .Complete prompt to task and available
selection modelling task instance
or RAG context
Assign one of the Model—prompt Same task information used
LLM selection Prompt instance four evaluated promp across comparable

configuration

models configurations

https://doi.org/10.3390/ai7080274


https://doi.org/10.3390/ai7080274

Al 2026, 7,274

21 0f22

Table A2. Cont.

Phase Input Main Activity Output Decision Rule
. Generate SysML-v2 Maximum defined
Generation and Prompt and ysv Generated or . .
L output and validate correction iterations;
validation selected LLM corrected artefact S !
syntax validation in modelling tool
Validated artefact uantitative and . .
. Calculate F1-score or Q o Metric selected according to
Evaluation and reference . qualitative
. . judge-based score artefact type
information assessment
Table A3. Operational definitions used for the ground-truth-based F1-score evaluation.
Unit of ops - . .
Task . True Positive False Positive False Negative Matching Rule
Comparison
Minor wording differences
A generated
requirement and synonyms were accepted
d A generated A requirement when the intended
represents a . . . . . .
- requirement has  contained in the  engineering meaning
. requirement . . .
Requirements  One reference . . no reference set is remained equivalent.
. . contained in the . . : e
generation requirement . corresponding not represented Requirement identification
reference set with . ) . .
requirement in in the generated  and formulation were
the same .
. . the reference set.  output. evaluated against the
engineering '
) predefined reference
meaning. .
requirements.
Matching considered
A generated block A generated A block or engineering meaning,
or structural - . structural role, and hierarchy.
. . block or relationship . . .
One reference relationship . . . : Minor naming differences
Block relationship has  contained in the
. model element  corresponds to an . were accepted when the same
definition no reference BDD is
. or structural element or . o system element was
modelling . . . . corresponding missing from the . .
relationship relationship . represented. Differences in
. ; element in the generated . e
contained in the granularity or decomposition
reference BDD. output. .
reference BDD. were assessed against the
defined reference scope.
Table A4. Configuration of the LLM-as-a-Judge evaluation.
Aspect Description
Judge provider Anthropic
Judge model Claude Opus 4.6
Access method Web Interface

Evaluation approach

Single-answer grading, in which each generated artefact was assessed individually
rather than through pairwise comparison

Evaluated tasks

Block definition modelling and state-machine modelling

Evaluation criteria

Correctness, relevance, coherence, completeness, structural consistency, and
task-specific functional plausibility

BDD-specific criteria

Completeness and meaningful organization of blocks, properties, relationships, and

hierarchy

State-machine-specific criteria

Completeness of states and substates, transition structure, triggers, logical consistency,
and functional correctness

Scoring scale

Criterion-level ratings on a five-point scale, aggregated and normalized to a score
between 0 and 1

Number of judging runs

One documented judging run per generated artefact

Model overlap

Claude Opus 4.6 was not one of the four LLMs evaluated for SysML-v2
artefact generation
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