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Abstract 

This paper presents a novel method to utilize SysML 

as a context and process constraint for LLM-based 

model generation, together with a spreadsheet 

mapping template to bridge SysML and non-SysML 

system architects. The approach models a multi-

agent system architecture to capture the context, 

constraints, and process sequences required for 

generating SysML system architecture models from 

unstructured/semi-structured specifications. Using 

an open platform LLM engine, the workflow auto-

mates the extraction and structuring of SysML ele-

ments, while ensuring human-in-the-loop reviews 

for accuracy and compliance. The method supports 

traceability, structured outputs, and alignment with 

MBSE methodology, enabling consistent integra-

tion between modelers and non-modelers. By ap-

plying SysML to define interdependencies and se-

quencing, the approach con-strains LLM outputs to 

valid SysML constructs. This creates a replicable 

framework for mission-critical systems, particularly 

in aerospace and defense, where precision, safety, 

and regulatory alignment are mandatory. 

Keywords 

AI4MBSE, MBSE4AI, SysML, Multi-Agent Systems, 

GenAI, LLM, MBSE. 

Introduction 

Problem Statement 

As Large Language Models (LLMs) continue to make 

penetration across industries, their application 

within mission-critical systems such as aerospace 

and defense must be carefully approached with high 

precision (Arifin, 2025). As an example, the idea of 

fully automating safety case generation using GPT-

4 without a human in the loop can only achieve ap-

proximately 80–90% structural and semantic accu-

racy, which is insufficient according to safety stand-

ards for safety-critical systems (Graydon & Lehman, 

2025). A survey highlighted the essential role of in-

terdisciplinary collaboration between researchers, 

practitioners, and regulators in advancing the safe, 

ethical, and effective use of LLMs in this domain 

(Esposito, Palagiano, Lenarduzzi, & Taibi, 2025). 
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At the heart of this interdisciplinary collaboration 

among mission-critical systems lies Model-Based 

Systems Engineering (MBSE), a key enabler of digi-

tal engineering (Arifin, 2025). One of the best exam-

ples of harmonization between digital engineering 

and MBSE adoption in the aerospace domain is the 

NASA MBSE Transformation. A primary digital 

transformation goal of the NASA engineering center 

is adopting the approach by tailoring standardized 

engineering knowledge and business processes and 

workflows into the integrated toolchains and asso-

ciated digital thread ecosystem (Pierce, Nicoli, Hill, 

& Cornford, 2024). To reduce ambiguities in captur-

ing the knowledge and processes, practitioners in 

this domain often use a formalized/semi-formalized 

language such as Systems Modeling Language 

(SysML) (Friedenthal, Moore, & Steiner, 2015). 

SysML is a graphical modeling language which sup-

ports the specification, analysis, design, verifica-

tion, and validation of systems that include hard-

ware, software, data, personnel, procedures, and fa-

cilities within a system model. A system architec-

ture model is a structured representation that fo-

cuses on the overall system requirements, behavior, 

structure, properties, and their interconnections. 

The model provides a holistic view and critical 

knowledge for decision makers in the mission-criti-

cal domain (Hart, 2006). 

The intersection of MBSE and AI has led to two com-

plementary approaches: “AI for MBSE / AI Assisted 
MBSE” (AI4MBSE) (Longshore, Bell, & Madachy, 

2024) and “MBSE for AI” (MBSE4AI) (Sprockhoff, et 

al., 2023). AI4MBSE involves applying AI techniques 

such as LLMs to enhance the efficiency and automa-

tion of systems engineering tasks. When carefully 

integrated, AI4MBSE can transform how complex 

systems are designed, developed, verified, vali-

dated, and deployed (FAA, 2024) (Longshore, Bell, 

& Madachy, 2024) (Stefani, et al., 2024). However, 

an AI technique like an LLM also introduces new 

challenges which mostly originate from the “black 
box nature” of complex neural-network-based algo-

rithms (Sprockhoff, et al., 2023). Unlocking the ben-

efits of this integration, however, requires a deep 

understanding of LLMs’ strengths and limitations, 

and a strong commitment to maintaining human 

oversight (human-in-the-loop) (Graydon & 

Lehman, 2025) (Hobbs & Li, 2024) (FAA, 2024). Two 

examples of LLM potential strengths in mission-

critical system lifecycle are: 1. Improving the fidel-

ity and completeness of system/software architec-

ture model, design, development, testing, and re-

quirements traceability; 2. Automating the review 

of various compliance reports and data, including 

system safety assessments. LLMs have the potential 

to learn from the patterns and identify gaps and dis-

crepancies that might be missed by manual review 

(FAA, 2024). A study by NPS (Longshore, Bell, & 

Madachy, 2024) leveraged LLMs to generate, mod-

ify, and query SysML-based system architecture 

models. However, LLMs have a limitation of gener-

ating spurious or hallucinatory material when they 

fails to identify the patterns of new criteria (FAA, 

2024). MBSE4AI, in contrast, utilizes MBSE to de-

fine the context, classify problems to solve, and im-

prove the modularity and traceability of multi-

agentic AI in mission-critical systems. A balanced 

focus on both AI4MBSE and MBSE4AI is necessary 

to gather both-sided benefits in performance and 

traceability in digital engineering. Adapting exist-

ing methods to the entire development and usage 

lifecycle of black box AI systems is necessary. An ex-

ample of this adaptation is using a systematic devel-

opment framework to design and model the AI-

based system, including structure and process defi-

nition (Sprockhoff, et al., 2023).  

Through its three pillars (i.e., methodologies, lan-

guages, and tools) (Delligatti, 2014), MBSE serves as 

a digital backbone for the digital engineering frame-

work, especially in domains where safety is para-

mount such as aerospace and defense. A modeling 

language like SysML is one of the MBSE pillars that 

supports the creation of system architecture models 

that structure and visualize information, capturing 

the interdependencies between requirements, sys-

tems/subsystems/components, functions, parame-

ters, and constraints (Delligatti, 2014) (Friedenthal, 

Moore, & Steiner, 2015). When AI is introduced into 

this framework, it should be treated not as an infra-

structural pillar but as an application-layer en-

hancement (FAA, 2024). AI must be driven by 

clearly defined use cases – mission-focused, data-
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informed, and aligned with regulatory expectations 

(FAA, 2024). The success or failure of AI in this do-

main hinges entirely on its grounding in specific 

and high-value business objectives. Top causes of AI 

adoption failure are misdefining the problem, opti-

mizing models for the wrong metrics, and not fitting 

the business/mission workflow (Ryseff, Bruhl, & 

Newberry, 2024). 

One emerging and trending use case that requires 

both AI4MBSE and MBSE4AI in mission-critical do-

mains (e.g., aerospace & defense) is the need for au-

tomation that turns unstructured specifications 

into SysML-structured data patterns as a starting 

point for systems engineers to define a system ar-

chitecture model (Longshore, Bell, & Madachy, 

2024) (Stefani, et al., 2024). This application utilizes 

AI to generate and predict a system architecture by 

understanding the patterns of specification docu-

ments, but at the same time, the AI also needs to 

understand the context of the system of interest 

(SOI), SysML constraints, and interdependencies 

between requirements, structures (i.e., sys-

tems/subsystems/components), functions, and pa-

rameters. For example, in order to suggest a list of 

structures and functions, the AI system needs to 

suggest the list of requirements which these struc-

tures and functions need to satisfy (fulfill). These 

interdependencies are commonly defined in the 

methodology pillar of MBSE (Delligatti, 2014). 

Overall, this paper suggests a novel method to uti-

lize the power of a SysML-based semantic model as 

a context and constraint when using a black box AI, 

such as an LLM to suggest a system architecture 

model extracted from specification documents 

and/or pre-trained models. To build a systematic 

context with SysML, this method borrows the con-

cept of multi-agent system architecture by decom-

posing the system into a set of different agents to 

handle different problems, i.e., requirement agent, 

system/subsystem/component agent, function 

agent, and parameter agent (Sadik & Goerick, 2024) 

(Maheshwari, Raz, DeLaurentis, Murphy, & 

Kolawole, 2018) (Bouamra, Poisson, Yun, & 

Armetta, 2025) (Maheshwari, Kenley, & 

DeLaurentis, Creating Executable Agent-Based 

Models Using SysML, 2015) (Mour, Kenley, 

Davendralingam, & DeLaurentis, 2013) (Jin, Jin, 

Chen, & Wang, 2024). To ease readers’ understand-
ing of the flow of this paper, the authors break it 

down into the following sections: 

• Finding Gaps: Identify where the current ap-

proaches fall short and why those gaps matter. 

• Contributions of the Paper: Explain what this 

study adds to close those gaps. 

• Proposed Solutions: Present this paper’s ap-
proach with a SysML contextual model and 

workflow. 

• Scope of the Paper: Define the boundaries (cov-

ered and not covered) and assumptions of this 

paper. 

• Results: Interpret the results of the proposed so-

lution. 

• Conclusion and Future Work: Summarize the 

key takeaways and suggest future work. 

Finding Gaps  

To tailor the problem statement to the proposed 

solutions, the authors conducted a literature review 

to identify research gaps, which form the focus of 

this paper. These gaps highlight existing issues 

where practitioners attempt to embed AI 

technology into their systems engineering (SE) 

processes (AI4SE/MBSE) without adequately 

considering the need for contextual information in 

the application. Overall, the authors classify these 

gaps as follows: 

1. Contextual and data gaps: Multiple studies re-

lated to AI4MBSE, MBSE4AI, and multi-agent 

systems (MAS) methods demonstrated various 

use cases to use SysML for modeling and simu-

lation of multi-agent system architecture. How-

ever, they often overlook the explicit integration 

of contextual-information capture and the limi-

tation of today’s data for SysML v2 model gen-

eration. There remains a gap in using both 

SysML and MAS to capture, represent, and vali-

date context-rich, sequential processes, and do-

main involvement for SysML system 
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architecture generation and verification. These 

gaps are found in a number of literature studies 

below: 

o A study leverages LLMs to automate gen-

eration, modification, and querying 

SysML-based system architecture model. 

To improve LLM responses, the study 

suggested combining several methods, 

such as re-training, finetuning, retrieval 

augmented generation (RAG), and 

prompt engineering (few- and zero-shot) 

(Longshore, Bell, & Madachy, 2024). The 

authors show an increasing LLM ability 

to increase modeling efficiency and en-

hance the practice of MBSE. However, 

they didn’t specifically touch the im-
portance of context and imbalanced data 

in pre-training and post-training LLM 

processes. 

o A study leverages AI4MBSE and 

MBSE4AI (Stefani, et al., 2024): 

▪ AI4MBSE: Simulation-enabled 

engineering and digital twins 

generate data and scenarios that 

update models, enabling contin-

uous assurance, traceability, and 

refinement across the Continu-

ous Integration/Development 

(CI/CD) pipeline of system/soft-

ware development. 

▪ MBSE4AI: Using SysML to cap-

ture requirements, System-Un-

der-Test (SUT) architecture, and 

Operational Design Domain 

(ODD), aligning with EASA’s W-

model with DevOps for V&V. 

o A study found that top AI failure causes 

are misdefining the problem, models get 

optimized for the wrong metrics, or do 

not fit the business/mission workflow. It 

is suggested to focus on the mission-val-

ues problems, not the technology only 

(Ryseff, Bruhl, & Newberry, 2024). A 

multi-agent system (MAS) approach of-

fers modularity to break down a large 

problem into smaller pieces (Sycara, 

1998). 

o Using SysML to build a context for Multi-

Agent Systems (MAS) architecture (Sadik 

& Goerick, 2024) (Mour, Kenley, 

Davendralingam, & DeLaurentis, 2013) 

(Maheshwari, Raz, DeLaurentis, Murphy, 

& Kolawole, 2018) (Bouamra, Poisson, 

Yun, & Armetta, 2025) (Jin, Jin, Chen, & 

Wang, 2024). 

▪ Two studies using SysML and/or 

BPMN (Business Process Man-

agement Notation) modeling for 

Multi-Agent Systems Architec-

ture (Mour, Kenley, 

Davendralingam, & DeLaurentis, 

2013) (Sadik & Goerick, 2024). 

However, both of them focused 

on the application of multi-agent 

architecture for different mis-

sion-focused modeling and simu-

lation (such as multi-robot sys-

tem and multi-agent for defense 

systems). Neither of the studies 

focused on how to capture con-

textual information and sequen-

tial processes to handle different 

types of problems. 

o Two studies by (Maheshwari, Raz, 

DeLaurentis, Murphy, & Kolawole, 2018) 

and (Maheshwari, Kenley, & 

DeLaurentis, Creating Executable 

Agent-Based Models Using SysML, 2015) 

demonstrated how to use SysML to 

model and execute agent-based archi-

tecture. Both studies focused on the ap-

plication layers but not specifically on 

using SysML as the context for multi-

agent models to generate a SysML sys-

tem architecture model. 

o A study by (Jin, Jin, Chen, & Wang, 2024) 

used LLM-based agents for requirements 

engineering (RE). However, the context 

of AI4MBSE and MBSE4AI is not only 

about requirements engineering, but 

also includes the entire system architec-

ture domain of technical process (V-

model) in SE lifecycle. 
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o A study by (Bouamra, Poisson, Yun, & 

Armetta, 2025) utilized the strength of 

next generation of SysML, SysML v2 

which has richer semantics. The draw-

backs of these multi-agent models for 

SysML v2 are limited domain data as this 

language is considered a new approach 

and a lack of contextual modeling to val-

idate LLM outputs against systems engi-

neering logical processes. 

2. Competency and process gaps: In real-world 

practice, there are competency and process gaps 

in many organizations that are trying to adopt 

MBSE and SysML to capture their system archi-

tecture models. One of the main gaps is imbal-

anced competencies across the team and reluc-

tance to use SysML tools. Therefore, a bridge be-

tween SysML modelers and non-modelers is 

crucial to ensure consistent information be-

tween them (Arifin, 2025). Moreover, to miti-

gate the risk of hallucination, any use of LLM for 

system model generation requires a human in 

the loop (HIL) to review, validate, and authorize 

the generated model artifacts. This additional 

post-generation process ensures transparency 

for users and compliance with the ISO 42001 

standard regarding AI system operation and 

monitoring (FINOS AI Governance Framework, 

2025). 

Contributions of the Paper 

No. 
Finding 

Gaps 
Expected Contributions 

1 

Contex-
tual and 
data 
gap 

• Agent Context Capture and 
Traceability: Use SysML as the 
contextual backbone (require-
ments, structures (systems/sub-
systems/components), func-
tions, and parameters) so LLM 
outputs can be traced back to 
each agent’s prompts/queries 
and configurations. This contex-
tual information captured in 
SysML model will be the inputs 
of LLM when invoking the model 
generators. 

• SysML-Guided LLM Model 
Generator: A method where 
SysML metamodels and de-
pendency relations constrain 
LLM prompts/queries and output 

formats, ensuring generated 
SysML requirements, structures, 
functions, parameters, etc. align 
with the modeling methodology 
and language. 

2 

Process 
and 
govern-
ance 
gap 

• Multi-Agent Systems with 
Agentic Orchestration: De-
compose the modeling method-
ology process into atomic pro-
cesses which can be han-
dled/assigned by each special-
ized agent. For example, agents 
which handle requirements, 
structures, functions, and pa-
rameters, communicating via the 
SysML multi-agent model con-
trolled by an orchestrator agent. 

• Document-to-Model Pipeline 
with Human-In-the-Loop (HIL) 
Review: An automation pipeline 
that ingests unstructured/semi-
structured documents (e.g., 
specification documents in PDF 
format), uses LLMs to extract 
suggested elements to spread-
sheets, and synchronizes them 
into SysML for human review—
bridging non-modelers and mod-
elers (e.g., spreadsheet syn-
chronization patterns highlighted 
for SysML modeling tools). 

Proposed Solutions 

This paper proposes a sample of Multi-Agent Sys-

tem Architecture by using SysML semantics. Figure 

1 shows a SysML Block Definition Diagram (BDD) 

which captures contextual information and 

knowledge structures for a Multi-Agent System 

(MAS) designed to generate SysML models using an 

LLM. Here’s a breakdown of its orchestrator and 
specialized agents: 

1. Supervisor Agent Concept – “AI-Powered 

Model Generation Sample” 

• This is the core MAS orchestration block 

which represents the main AI agent ecosys-

tem that coordinates the sub-specialized 

agents for SysML model generation. The 

purpose of this block is to act as the hub that 

connects input data, coordinates agents, and 

combines the outputs. 

2. Specialized Agents 
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• The authors developed a generic LLM agent 

for model generation called “Ge-
nericElementPattern”. This agent is reusa-
ble and defines how the LLM acquires con-

text for SysML model element generation. It 

captures not only a SysML block’s structural 
features, but also behavioral features, such 

as two reusable operations (i.e., WriteToEx-

cel and ReadFromExcel). 

• Each blue “ElementType” block represents a 
specialized agent responsible for a specific 

atomic process in the model generation 

workflow. Each of these blocks inherits the 

features from “GenericElementPattern” 
block and can be redefined depending on the 

specific problem to handle: 

o SOI Agent – Generates System of In-

terest (SOI) blocks based on the pro-

vided context. 

o Requirement Agent – Generates 

SysML requirement elements aligned 

to the SOI (System of Interest). 

o System Agent – Generates SysML 

blocks for systems/subsystems/com-

ponents and their relationships to 

other elements, such as refinement 

back to requirements. 

o Function Agent – Generates func-

tions allocated to systems/subsys-

tems/components. 

o Parameter Agent – Generates pa-

rameters assigned to systems/sub-

systems/components. 

• These agents operate sequentially, with red 

dashed “SysML dependency” indicating the 
process dependency flow between outputs 

and inputs of the specialized agents. 

• The idea of using specialized agents is to en-

sure high scalability and maintainability for 

different use cases. For example, the authors 

defined a requirement metamodel that cap-

tures only the name and text. In other appli-

cations, an organization may want to map 

the LLM results to other requirement attrib-

utes, e.g., priority (mandatory/optional) or 

requirement types (functional, non-func-

tional, safety, etc.). For this purpose, it is not 

necessary to modify the entire architecture, 

but only to adjust the requirement agent to 

align with the organizational need. This ar-

chitecture is easier to adapt to different 

problems, ensuring it can be scaled and 

maintained easily. 

 
Figure 1. An Example of Multi-Agent System for 
SysML System Architecture Model Generation 

Table 1 lists the essential input parameters and val-

ues needed to configure and execute the LLM model 

generator by using the context and processes cap-

tured in the SysML multi-agent model. 
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Input Pa-

rameters 
Example of Value Description 

MODEL gpt-5 

The name of the 

LLM model to be 

used for pro-

cessing the re-

quest. 

BASE_URL https://api.openai.com/v1 

The endpoint 

URL for making 

API requests. 

API_KEY [YOUR_API_KEY] 

The authentica-

tion key required 

to access the 

API. 

ASSISTANT_

ID 
[YOUR_ASSISTANT_ID] 

The unique 

identifier for a 

configured AI 

assistant. It's 

used to associate 

a specific set of 

instructions, 

tools, and model 

with a conversa-

tion thread, al-

lowing for per-

sonalized and 

task-specific in-

teractions. 

FILE_PATH …/…/ Sample1.pdf 

The local or rela-

tive path to the 

input document 

file (i.e., PDF 

Specification 

Document). 

EXCEL_FILE_

NAME 
SystemModel-ForAI.xlsx 

The name of the 

spreadsheet file 

where results 

from LLM will be 

stored and re-

trieved. 

MESSAGE 

Can you build a SysML system 

architecture model for Combat 

Management System? 

The main user 

query/prompt 

for the LLM 

model. 

COMPLETE 

MESSAGE 

Can you build a SysML system 

architecture model for Combat 

Management System? The an-

swer must be a list of elements 

with json format only without 

explanation text. Following 

strictly the json format below 

with a json construct with a 

minimum of 10 items for each 

of these element types: {"Sys-

temOfInterest": [{ "Name": "", 

"Documentation": "" }]} {"Re-

quirements": [{ "Name": "", 

"Documentation": "" }]} {"Sys-

tems": [{ "Name": "", "Docu-

mentation": "", "RefineToRe-

quirement":"" }]} {"Functions": 

[{ "Name": "", "Documenta-

tion": "", "RefineToRequire-

ment":"", 

The combination 

of user’s basic 
query and addi-

tional query 

constructed by 

each agent. 

"AllocateToSystem":"" }]} {"Pa-

rameters": [{ "Name": "", "Doc-

umentation": "", "RefineToRe-

quirement":"", "AssignToSys-

tem":"" }]} 

RAW_RESPO

NSE 

{"SystemOfInterest": [ 

  {“Name": "Combat Manage-
ment System - Surface Com-

batant", "Documentation": 

"Primary system of interest in-

tegrating sensors, weapons, 

and command functions for a 

surface combatant."} 

]} 

{"Requirements": [ 

  {“Name": "RQ-01 Situational 

Awareness", "Documentation": 

"The system shall provide a 

coherent, timely tactical pic-

ture to support decision-mak-

ing.”} 
… 

]} 

{"Systems": [ 

  {“Name": "Sensor Integration 
Subsystem", "Documentation": 

"Interfaces with shipboard and 

offboard sensors; normalizes 

inputs.", "RefineToRequire-

ment": "RQ-02 Sensor Fu-

sion”} 
… 

]} 

{"Functions": [ 

  {“Name": "Acquire Sensor In-
puts", "Documentation": "Col-

lect raw data from onboard 

and offboard sensors.", "Refi-

neToRequirement": "RQ-02 

Sensor Fusion", "Allocate-

ToSystem": "Sensor Integra-

tion Subsystem"} 

… 

]} 

{"Parameters": [ 

  {“Name": "Sensor Input La-
tency Budget (ms)", "Docu-

mentation": "Maximum allow-

able end-to-end latency for 

sensor ingestion.", "RefineT-

oRequirement": "RQ-02 Sensor 

Fusion", "AssignToSystem": 

"Sensor Integration Subsys-

tem”} 
]} 

The unprocessed 

output returned 

by the LLM 

model. In this 

case, the format 

is JSON. 

IS_UPLOADE

D_DOCUME

NT 

True 

A flag indicating 

whether a docu-

ment has been 

uploaded. 

IS_ANY_EXT

RACTION_F

AILED 

False 

A flag indicating 

if any data ex-

traction step 

failed. This flag 

will be true if the 
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output formats 

do not follow the 

JSON standard, 

which causes 

failure in parsing 

them. 

Table 1. An Example of Used Parameter Set for 
Multi-Agent System for LLM Model Generator 

Figure 2 shows an example of using SysML behav-

ioral diagrams (i.e., Activity Diagram (ACT)) to 

model a process automation workflow for generat-

ing a SysML system architecture model using an 

LLM, while also capturing context and process se-

quences. The diagram illustrates a multi-agentic or-

chestration to automate the following end-to-end 

processes: 

1. Prepare contextual (input) parameters for the 

LLM, including the prompts/queries. The top-

left action (process) prepares the input parame-

ters, i.e., URLs, model ID, and constructed 

prompt, and an extraction control flag (to iden-

tify if there is any error during the automation). 

2. Encapsulate and send the parameters into a 

message to the LLM via the OpenAI API. The 

purple box invokes “SendMessageWithFile-
AndResponseFormat” by passing the input pa-

rameters and receives “rawResponse” in a struc-
tured format (e.g., JSON). This is where the LLM 

generates architecture content (e.g., system of 

interest, requirements, systems, functions, and 

parameters). 

3. Process and parse the LLM’s output. Each spe-

cialized agent will handle a different scope of 

system architecture, according to the con-

straints and interdependencies between ele-

ments. This post-processing of the LLM re-

sponse allows the automation to parse the re-

sults and write to Excel (green box). Using Excel 

as a medium enables human offline review, 

traceability, and a bridge between SysML and 

non-SysML system architects. 

4. Read from Excel for subsequent model genera-

tion after validation by a human. The orange box 

action allows integration with SysML modeling 

tools without manual modeling.  

5. After being validated, generate the system ar-

chitecture model based on the extracted data. 

 
Figure 2. Process Automation for SysML System Ar-

chitecture Model Generation 
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Figure 3 shows a SysML model library containing re-

usable functions for Excel integration in an automa-

tion workflow. Two main operations are defined: 

ReadFromExcel (to load data from a specified Excel 

file, sheet, and row) and WriteToExcel (to store raw 

LLM output into Excel with file, sheet, and row pa-

rameters). By standardizing these functions, the au-

tomation process can be reused across projects, im-

proving speed, reducing manual errors, and ensur-

ing consistent execution. 

 
Figure 3. Reusable Behaviors/Functions for Special-

ized Agents 

In summary, the holistic workflow shown in Figure 

4 focuses on 3 pillars, i.e., Input, Process, and Out-

put: 

• Input: Unstructured specification documents 

(PDF/Word) are analyzed by LLM engines to ex-

tract all architectural elements defined in the 

agents’ context, such as system of interest, re-
quirements, systems/subsystems/components, 

functions, and parameters. 

• Process: The extracted data are organized in an 

Excel spreadsheet according to the constrained 

mapping defined in the agents’ context, ena-
bling humans (non-modelers) to review and re-

fine the information without using modeling 

tools directly. 

• Output: The validated spreadsheet content is 

synchronized into a SysML modeling environ-

ment, where the automation generates the for-

mal system architecture model with traceable 

requirements, structures, functions, and param-

eters. 

 
Figure 4. End-to-End Steps for SysML Model Genera-

tion with LLM Multi-Agent Systems 

Scope of the Paper 

The scope of this paper is to apply SysML as a con-

text and process constraint for LLM-based model 

generation and develop a spreadsheet mapping 

template to bridge SysML and non-SysML system 

architects. The details, including assumptions and 

limitations, are as follows: 

1. SysML as an LLM context and process con-

straint for model generation: Using SysML to 

model multi-agent system architecture, which 

will construct the context and capture the 

knowledge to construct the inputs of LLM 

prompts. At the same time, the SysML architec-

ture also captures the processes and their inter-

dependencies to constrain the sequences of LLM 

prompts. 

2. SysML and spreadsheet mapping template 

for model generation: Building a template to 

bridge SysML modelers and non-modelers via a 

spreadsheet template. 

3. LLMs’ “accuracy” is not measured: This study 

focuses only on the workflow of how to utilize 

context and knowledge captured in SysML 

Multi-Agent Architecture for generating a sys-

tem architecture model using LLM models. 

Therefore, this study will not cover a compari-

son study with various LLM models, engineered 

prompts, configurations, or any other optimiza-

tion to measure the accuracy of the models. This 

can be covered in future work. 

4. Semantic “accuracy” is not measured: The se-

mantic accuracy, e.g., INCOSE requirement 

quality guideline (INCOSE, 2023), is not 
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evaluated in this study. However, in the future 

work section, the authors discuss some possible 

ways to include semantic checking as a guardrail 

on LLM implementation Rules  (Marchiori, et al., 

2024). 

5. Prompt Engineering for Agents: The idea of 

having different agents for different SysML ele-

ments can be more powerful if the implementa-

tion goes deeper into the prompt engineering 

topic. For example, using different prompts for 

requirements, structures, behaviors, and para-

metrics. However, this study does not capture 

this specifically, which can be investigated in fu-

ture work. 

6. Tools used for demonstration: The modeling 

tools used in this demo are CATIA Magic Cyber 

Systems Engineer (MCSE) and Magic Model An-

alyst (MMA). MCSE is mainly used to capture 

system/software architecture models with 

SysML (Dassault Systèmes, 2025). MMA sup-

ports execution, animation, and debugging of 

executable SysML models, with process custom-

ization through action scripting and structured 

expressions (CATIA Magic, 2025). For the LLM 

engine, the authors use open platform models 

(ChatGPT 3.5, 4, and 5) to prove the concept. 

Other tools with SysML modeling and simula-

tion features can also be used to replicate this 

use case. 

Results 
Figure 5 shows the final SysML system architecture 

model automatically generated by the LLM multi-

agent system. 

• Top section: A hierarchical SysML diagram 

linking four main element types—Require-

ments, Systems/Subsystems/Components, 

Functions, and Parameters—with dashed lines 

indicating dependencies and traceability (e.g., 

SysML refinement and allocation). 

• Bottom section: 

o Requirement’s list (e.g., RQ-01 Opera-

tional Availability, RQ-02 Situational 

Awareness). 

o Systems/Subsystems/Components’ list 
(e.g., CMS Core Platform, Cybersecurity 

& IAM). 

o Functions’ list (e.g., Authenticate & Au-
thorize Users, Evaluate Threats). 

o Parameter’s list (e.g., System Opera-
tional Availability %, Sensor Input La-

tency Budget). 

 

 
Figure 5. An Example of Generated SysML System 

Architecture Model for CMS 

The matrix shown in Figure 6 visualizes the rela-

tionships and traceability between all SysML ele-

ments generated by the LLM. Rows list the gener-

ated elements grouped as Requirements, Systems, 

and Functions. Columns represent the same 
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element groups, allowing cross-mapping of depend-

encies. Red arrows indicate Refine relationships 

(e.g., requirements refined by systems or functions). 

Blue arrows indicate Allocate relationships (e.g., 

functions allocated to systems). 

 
Figure 6. Traceability Among Model Elements Gener-

ated by LLM Multi-Agent System 

Conclusion and Future Work 

In conclusion, this study demonstrates a novel 

method to utilize SysML as a context and process 

constraint for LLM-based model generation by 

adopting a multi-agent system architecture and a 

spreadsheet mapping template to bridge SysML and 

non-SysML system architects. The proposed work-

flow captures the context, knowledge, constraints, 

and process sequences to generate a SysML system 

architecture model from unstructured/semi-struc-

tured specifications, ensuring traceability, struc-

tured outputs, and human-in-the-loop validation. 

This approach provides a replicable framework for 

any generative AI (e.g., LLM) adoption in mission-

critical systems where precision, safety, and regula-

tory alignment are mandatory. 

However, here are some limitations that can be the 

foundation for future work: 

1. Addressing LLMs’ accuracy comparison: The 

main limitation of this study concerns quantita-

tive evaluation. Future work can include com-

parative analyses across multiple LLM engines, 

fine-tunings, and configuration settings. 

2. Semantic accuracy checks with guardrail: 

The framework currently demonstrates how 

SysML can capture not only LLM outputs but 

also the context and process definition of the 

multi-agent architecture. However, for mission-

critical systems, it is essential to assess semantic 

accuracy—for example, by validating SysML re-

quirements using rule-based and/or ontology-

based algorithms aligned with INCOSE require-

ment-quality guidelines. Similar methods can 

be applied to other SysML elements, such as val-

ues and units, functions, and properties. 

3. Explainability in AI (XAI) gap: In the mission-

critical domains, a lack of sufficient explainabil-

ity in AI systems can limit human ability to make 

accountable decisions and conduct thorough as-

sessments. 

4. Hybrid AI integration with multi-agent sys-

tems approach: There’s no silver bullet. Differ-
ent problems need different tools. For a require-

ments-extraction agent, a hybrid works best—
e.g., use NLP (or multiple LLMs) to extract re-

quirements and an expert/rule-based system to 

check them. 

5. Impact on SysML v2: The study is conducted 

on the SysML v1 metamodel. Implementation 

for SysML v2 is expected to be simpler, as man-

ual string-to-element encoding/decoding is no 

longer required; LLMs can be trained or 

prompted to generate SysML v2 syntax directly. 
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