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Abstract. Multimodal summarization integrating information from di-
verse data modalities presents a promising solution to aid the under-
standing of information within various processes. However, the appli-
cation and advantages of multimodal summarization have not received
much attention in model-based engineering (MBE), where it has be-
come a cornerstone in the design and development of complex systems,
leveraging formal models to improve understanding, validation and au-
tomation throughout the engineering lifecycle. UML and EMF diagrams
in model-based engineering contain a large amount of multimodal in-
formation and intricate relational data. Hence, our study explores the
application of multimodal large language models within the domain of
model-based engineering to evaluate their capacity for understanding and
identifying relationships, features, and functionalities embedded in UML
and EMF diagrams. We aim to demonstrate the transformative poten-
tial benefits and limitations of multimodal summarization in improving
productivity and accuracy in MBE practices. The proposed approach is
evaluated within the context of automotive software development, while
many promising state-of-the-art models were taken into account.

Keywords: Multimodal summarization, Model-Based Engineering (MBE),
Large Language Model (LLM)

1 Introduction

Multimodal Large Language Models (MLLMSs) [1] represent a significant ad-
vancement in artificial intelligence, extending the capabilities of traditional lan-
guage models to process and generate data across multiple modalities, such
as text, images, audio, and video. Unlike conventional large language models
(LLMs) [2] that focus solely on textual information, MLLMs are designed to
integrate and interpret diverse forms of data, enabling them to address com-
plex, real-world challenges [3] where information is often transferred through a
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combination of modalities. Consequently, the aviation and automotive industries
are increasingly leveraging MLLMs to address complex real-world challenges and
use cases in industrial design. In particular, Model-Based Engineering (MBE) de-
mands that MLLMs accurately comprehend and handle systematic approaches
for complex tasks such as requirements management, system analysis, design,
validation, and verification [4,7] which are mostly presented by text descrip-
tions and visual diagrams of Eclipse Modeling Framework (EMF) [5] and Unified
Modeling Language (UML) [6] as in the automotive domain example of Central-
ized Car Server Metamodel from [7]. Enabling MLLMs to accurately analyze
class-to-class relationships (Fig. 1), as well as the properties and functionalities
of classes from metamodeling diagrams in UML and EMF, has become a key
research focus in the industrial domains [17].
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Fig. 1. Model analysis via MLLMs

Although research on the capability of MLLMs in analyzing MBE diagrams
remains rare attention (especially in automotive), the past three years have wit-
nessed significant studies on MLLMs or Vision-Language Models (VLMs) [8, 14]
in domains such as multimodal Chain-of-Thought [9], multimodal summariza-
tion [13], textbook question answering [10,11,15] and diagram-based question
answering [12, 16], etc. However, a lot of information beneficial for maintainabil-
ity and updates of older vehicles resides in different types of diagrams, which
needs lots of time and effort to be analyzed by experts. Therefore, this study
primarily explores whether existing techniques can be applied to the analysis of
MBSE diagrams, with focus on automotive industry usage. Additionally, it exam-
ines the current challenges and limitations in this emerging field and presents the
workflow aiming automated development of automotive software as one of the
outcomes. Numerous state-of-the-art models are compared side-by-side, while
the most promising one was used for proof-of-concept implementation shown
towards the end of the paper. While there are some considerations of generative
AT usage in software engineering tasks involving extraction of information from
diagrams in the existing works [18,19], to the best of our knowledge, there is no
such solution publicly available addressing the needs of automotive industry.
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The rest of the paper has the following structure. Next section provides
overview of related works, covering both MLLMs and approaches leveraging
them for diagram prompting. Additionally, this section also gives tabular sum-
mary of relevant state-of-the-art models, considering their parameter number
and usage costs among other factors. The third section describes our experi-
ment from automotive domain which was used for comparative evaluation of
the selected models. The fourth section focuses on adoption of MLLMs within
automotive software development toolchain. The fifth section shows results of
evaluation for the selected models. Finally, the conclusion summarizes the main
contributions achieved and aspects observed during evaluation.

2 Related Works

2.1 Multimodal Large Language Models

Since the release of ChatGPT as a LLM in December 2022, the field of MLLMs
has experienced explosive growth. Over the past two years, various Al technol-
ogy companies and academic research institutions have developed and publicly
released their own MLLM models. Notable examples include OpenAl’'s GPT-4
series [20], Google’s Gemini series [21], Meta’s Llama series [22], Anthropic’s
Claude 3 [23], Mistral’s Pixtral [24], xAD’s Grok [25], and others [26-31]. The
methods for utilizing these MLLMs are highly diverse. Some offer interactive
user interfaces or API access, others provide only limited test access. While some
models are open-source, others are entirely closed-source. In certain cases, mod-
els are limited to demos, making it impossible for external users to directly test
or use them. Therefore, Table 1 presents an clear overview of currently available
models that external users can directly access. It includes details such as model
size, release date, development organization, access usage methods, open-source
status, and whether the model requires payment.

Recent publications [37, 18] have explored MLLMs to generate sample UML
diagrams from drawings. These models translate drawn visual elements into
structured representations, enabling automated and efficient diagram-to-model
conversions. This highlights the potential of MLLMs in bridging visual and for-
mal representations, particularly in software engineering.

2.2 Diagram Prompting and Pre-processing

Due to MLLM development and limitations in hardware resources, many re-
search institutions are unable to leverage MLLMs for complex diagram image
processing. Therefore, early research on diagram understanding in geometry
problem-solving focused on integrating visual and textual information to en-
hance reasoning capabilities. The G-ALIGNER model [41] proposed in 2014
introduced a method for diagram understanding by combining visual element
detection with textual alignment through submodular optimization, enabling
accurate identification and alignment of geometric primitives with correspond-
ing textual descriptions.
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Table 1. A summary of commonly used MLLMs

Model Release Organization|Parameter |Access Usage|Cost
Date Size (B) Methods
Grok-2 Dec-2024 xAl >314 Website & API |Paid
Emu3 Sep-2024 BAAI 8 Open Source|Free
(Code & Model)
Llama 3.2 Sep-2024 Meta 11 /90 Open Source|Free
(Code & Model)
Pixtral-12B Sep-2024 Mistral 12 Website & API |Paid
Llama 3 Jul-2024 Meta 8 /70 / 405 |Open Source|Free
(Code & Model)
InternVL2 July-2024 OpenGVLab |8 Open Source|Free
(Code & Model)
xGen-MM Aug-2024 Salesforce Al |4 Open Source|Free
(BLIP-3) (Code & Model)
Chameleon May-2024 Meta 7/ 34 Open Source|Free
(Code & Model)
GPT-40 May-2024 OpenAl unknown Website & API |Paid
Claude 3 Mar-2024 Anthropic >175 Website & API |Paid
Grok-1 Mar-2024 xAl 314 Open Source|Free
(Code & Model)
Gemini 1.5 Feb-2024 Google unknown Website & API |Paid
Fuyu-8B Oct-2023 Adept 8 Open Source|Free
(Code & Model)
PaLI-3 Oct-2023 Google Deep-[2 /3 /5 Open Source|Free
Mind (Code & Model)
GPT-4V Sep-2023 OpenAl unknown Website & API |Paid
LaVIT Sep-2023 Peking Univer-|7 Open Source|Free
sity (Code & Model)
Emul Jul-2023 BAAI 14 Open Source|Free
(Code & Model)
UnIVAL Jul-2023 Sorbonne Uni-|0.25 Open Source|Free
versity (Code & Model)
KOSMOS-2  |Jun-2023 Microsoft Re-|7 Open Source|Free
search (Code & Model)
GPT-4 Mar-2023 OpenAl unknown Website & API |Paid

Building on this foundation, the Weakly Supervised Learning for Textbook Ques-
tion Answering (WSTQ) framework [15] in 2022 utilized weak supervision from
text retrieval and object detection to develop text matching and relation detec-
tion tasks, significantly improving accuracy on the CK12-QA [45] and AI2D [34]
datasets through multitask learning. In the same year, PGDP-Net [42] was in-
troduced as an end-to-end solution for plane geometry diagram parsing, employ-
ing a modified instance segmentation method for geometric primitive extraction
and a Graph Neural Network (GNN) [46] for relation parsing, supported by the
comprehensive PGDP5K dataset. In 2023, the Multimodal Chain-of-Thought
(MCoT) framework [9] proposed a two-stage reasoning approach that separates
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rationale generation from answer inference, effectively mitigating hallucinations
and achieving state-of-the-art performance on multimodal reasoning tasks such
as ScienceQA [43] and A-OKVQA [44].

Continuing this progression, the CoG-DQA framework [16] introduced in
2024 leverages Large Language Models (LLMs) to guide Diagram Parsing Tools
(DPTs) through a chain-of-guiding mechanism, integrating visual parsing with
domain-specific knowledge to enhance diagram question answering tasks [33—
36]. Most recently, the DiagramQG [32] dataset and its Hierarchical Knowledge
Integration framework (HKI-DQG) were developed to generate concept-focused
educational questions from diagrams, utilizing advanced vision-language models
to surpass existing methods in educational question generation tasks.

Collectively, these studies demonstrate a clear trajectory of progress in multi-
modal reasoning and diagram understanding, highlighting the growing effective-
ness of integrating visual and textual information in complex reasoning tasks.

3 Experiment

3.1 Research Questions

Building upon the exploration of MLLMs and VLMs for diagram recognition,
this subsection investigates the recognition capabilities of MLLMs in the auto-
motive manufacturing and autonomous driving industry, specifically focusing on
complex UML class diagrams for automotive components.

We propose the following research questions inspired by [37]:

— RQ1: Can MLLMs accurately identify all categories of automobile compo-
nents depicted in a UML class diagram?

— RQ2: Are MLLMs capable of recognizing and understanding the functional
descriptions of automotive components within the UML class diagram?

— RQ3: Can MLLMs correctly classify automotive components into their ap-
propriate categories based on the relationships and descriptions in the UML
class diagram?

— RQ4: Can MLLMs accurately identify and map the relationship chains be-
tween automotive components as illustrated in the UML class diagram?

— RQ5: Can MLLMs accurately detect the differences between the most sim-
ilar UML class diagrams?

These research questions aim to assess the potential of MLLMs in analyzing
and transforming automotive UML diagrams into semantically correct machine-
readable formats. The focus is on testing MLLMSs’ abilities in recognizing struc-
tural, relational, and functional information, which is critical for the automotive
manufacturing and autonomous driving sectors.

3.2 Experimental Setup

To correspond with the research questions mentioned above, we designed five
questions based on visually represented model with respect to [7]:
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— Q1: Given a UML diagram about Centralized Car Server Metamodel, list
all classes in this UML diagram.

— Q2: Given a UML diagram about Centralized Car Server Metamodel, list
all properties and functions in processing node class.

— Q3: Given a UML diagram about Centralized Car Server Metamodel, is
FPGA one of the Co-Processor? (A) / is the camera sensor? (B).

— Q4: Given a UML diagram about Centralized Car Server Metamodel, list
all classes on the relation chain between camera and component (A) / list
all subclasses that processing task class has (B).

— Q5: Given two UML diagrams about Centralized Car Server Metamodel,
what are the differences between these diagrams?

In Q5, we remove the GPU, FPGA, and TPU classes displayed in the UML
diagram, leaving blank spaces, and assign the MLLMs to identify the differences
between these two UML diagrams.

We also defined ground truths (GT) for each of the five different questions
to better evaluate the performance of the MLLMs.

— GT1: The MLLMs are required to identify the names of all classes as well
as the total number of classes.

— GT2: The MLLMs are required to accurately list the names and types of
attributes and functions within the Processing Node class.

— GT3: The MLLMs only need to respond with a “yes” or “no” for question
A and B.

— GT4: The MLLMs need to list the correct four class names in the relation-
ship chain between Camera and Component (4) and the three subclasses of
the Process Task class (B).

— GT5: The MLLMs need to identify that the second UML class diagram,
which has been manually modified, lacks the GPU, FPGA and TPU classes.

Due to hardware limitations, we evaluated mostly the performance of web-based
MLLMs. During the testing, we initiated a new conversation, uploaded model
diagram based on [7], and sequentially asked five questions. The performance
of the MLLMs on these five questions was manually assessed based on ground
truths.

4 Evaluation

In Table 2, the results of MLLMs on the five questions are presented. For Q1,
Q3 and Q4B, almost all MLLMs were able to provide completely correct an-
swers. However, none of the MLLMs detected differences and changes between
the two UML diagrams in answering Q5. Furthermore, different models exhib-
ited significant capability differences for Q2. For example, Claude-3.5 provided a
completely correct answer, while Gemini-2.0 gave an entirely incorrect response.
Other models could answer correctly to varying extents, but many of their an-
swers still contained errors and hallucinations. When asked about the relation-
ship chain between the Camera and Component classes (Q4B), the results from
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MLLMs showed significant inconsistency. Some models were able to provide a
completely accurate relationship chain, while others generated responses that
were merely plausible, but ultimately hallucinated.

Based on this results, we found that current MLLMs can perfectly identify
non-complex content in UML diagrams, such as class names, the number of
classes, and simple class inheritance relationships. But for more complex ques-
tions, such as those involving class attributes and functions as well as relation
chains, many models lack the capability to provide correct answers. Most notably,
MLLMs entirely lack the ability to recognize differences between two similar but
distinct UML diagrams. However, it can be noticed that InternVL2-8B-MPO
model which is free to use exhibits capability to answer correctly in case of all
the question templates, which is making it suitable for the considered automotive
use case. Based on our findings, InternVL2-8B-MPO is very good at processing
and reasoning across metamodels, as it manages to understand the hierarchies
and attributes and relationships between the components of the metamodel,
which is quite impressive with only 8B parameters for the connection layer be-
tween the linguistic and visual encoder (visual encoder has 6B and the linguistic
encoder has 13B parameters; overall the model has 6+8+13=27B parameters).
Additionally, this model is also deployable locally without relying on external
providers and services, which is of utmost importance in automotive industry,
as companies usually apply policies which prevent sending data to third parties
outside the boundaries of the underlying organization.

In summary, Table 2 highlights the strengths and limitations of current
MLLMs in answering UML diagram-related questions, providing clear directions
for improvement in future research on this topic. However, there are several lim-
itations regarding the presented results which have to be taken into account.
First, the visual and textual inputs used in the experiments are small enough
to fit within the context size for all of the considered models. Therefore, addi-
tional strategy would be needed in order to handle larger diagrams and/or huge
textual prompts exceeding the context side of the underlying MLLM. On the
other side, despite that high performance models are less likely to hallucinate,
approach to handling such situation should be also taken into account for more
robust solutions in sensitive domains, such as automotive.

5 Usage in Automotive

In some domains, such as automotive, products may require continuous iterative
updates through their life cycle. Each product is associated with a significant
amount of requirements, expressed as either parameter information, diagrams
(such as UML-alike representations in automotive), tables, and operational in-
structions. During every product update or modification, a corresponding series
of related artifacts (such as documentation, configuration and software code)
must be changed accordingly. as illustrated in the Fig. 2. In this process, a large
volume of product information needs to be compared and summarized to provide
a clear overview of updates.



8 N. Petrovic, et al.

Table 2. The results of MLLMs performance on 5 questions related to [7]

Model Q1 Q2 Q3 Q4 Q5
Grok-2 28/29 Partially correct|A&B correct Only B correct |No correct differ-
with much hallu- ence detected
cination
Pixtral-12B 29/29 Mostly  correct|A&B correct Only B correct |No correct differ-
with lacking 2 ence detected
attributes and 1
function
Claude-3.5 29/29 Totally correct |A&B correct A&B correct No correct differ-
ence detected
Gemini-2.0 28/29 Totally wrong A&B correct A&B correct No correct differ-
ence detected
Gemini-1.5 29/29 Partially correct|A&B correct A&B correct No correct differ-
with much hallu- ence detected
cination
GPT-40 28/29 Mostly  correct| A&B correct Only B correct |No correct differ-
with 1 wrong ence detected
attribute
GPT-ol 29/29 Mostly  correct|A&B correct A&B correct No correct differ-
with 1 wrong ence detected
attribute and
lacking 1 at-
tribute
GPT-4 29/29 Mostly  correct|A&B correct A&B correct No correct differ-
with few halluci- ence detected
nation
GPT-40-mini 29/29 Partially correct|A&B correct Only B correct |No correct differ-
with much hallu- ence detected
cination
InternVL2-8B-MPO|29/29 Totally correct |A&B correct A&B correct Correct difference
detected
Qwen2 VL 7B 24/29 Correct Proper-|A&B correct Only B correct |Correct difference
ties, hallucinated detected
functions

In automotive, maintainability and updateability represent challenges due to
strict standardization which requires lot of time and efforts, slowing down the
innovation. To reduce the labor costs associated with related tasks, we intro-
duce automated approach leveraging MLLMs to perform multimodal informa-
tion summarization, as depicted in Fig. 3. In the first steps, user specifies changes
of the requirements or new requirements, either as freeform textual description
or providing diagram representation of system instance with respect to pre-
defined metamodel. Considering the current system representation, updates are
identified using MLLM, such as addition of new sensors, actuators or their im-
provement (camera resolution increase). In the next step, the changes detected
as outcome of multimodal summarization are further leveraged as input of LLM-
based code generation workflow, targeting CARLA simulation environment. Be-
fore the actual code generation, the new requirements are taken into account
for updated model instance creation. Moreover, this updated model instance is
checked for automotive compliance with respect to given ISO standard, making
use of Object Constraint Language (OCL) rules. In case that addition of new
requirements leads to system model instance which is not compliant, feedback to
the user generated. In that case, user can understand which part of new require-



Multi-modal Summarization in Model-Based Engineering 9

ments is not compliant and should be corrected. For model instance creation
and feedback generation, we make use of Llama3-8B-Instruct LLM [38].
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Fig. 2. MLLM-based diagram prompting for product updates identification
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Fig. 3. The workflow of MLLM-based image prompting for automotive scenarios

Services for tasks performing image prompting are based on OpenGVLab/Intern
VL2-8B-MPO [39] and deployed as web application relying on Quart [40] frame-
work for Python. It can also be deployed using Imdeploy [47] which is a toolkit
for compressing, deploying, and serving LLM. Despite that there are variants
with more parameters, we select the one with 8B as it is the smallest one which
answers to all the questions correctly, while runnable on lower hardware config-
urations quantized to 4 bit. The deployment was done in Google Colab environ-
ment with the lowest Pro subscription plan, as more than 20GB of VRAM was
required for execution, which is above the limit of free account. Based on our
experience, the lowest configuration offered by Google Colab able to run it was
L4 GPU-based, where 22GB of VRAM were occupied. In Table 3, an overview of
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APT and average execution times in seconds for the described L4-based deploy-
ment in Google Colab is given. It can be noticed that execution time has order
of magnitude of second. Moreover, we can also identify that the detection of dif-
ferences between diagrams has the slowest execution time, which was expected
considering the fact that it includes prompting of both diagrams, so additional
processing was needed compared to other cases.

As the authors mention in [39], the model uses a substantial middleware
layer between the visual encoder and the LLM unlike than typical lightweight
connectors most MLLMSs use. Furthermore, the MPO (Mixed Preference Opti-
mization) training which mixes three losses (preference ranking, quality checks,
and generation guidance) allows to enhance the model’s reasoning capabilities
and reduce hallucinations.

Table 3. Automotive diagram prompting service REST API and execution times

Endpoint Parameters Description Execution
time [s]
/extractSensors Diagram Returns the list of all|2.86
sensors from the dia-
grams
/extractActuators |Diagram Returns the list of all ac-|2.64
tuators from the diagram
/extractElement Diagram Returns the list of prop-{3.08
Properties Element name erties and values for

given element (such as
sensor or actuator)
/detectDifferences |Current diagram  |Returns the list of dif-]9.13
New diagram ferences between two
diagrams, considering
sensors, actuators, their
properties, interfaces
and parameter values

6 Conclusion

In this work, we considered some of the promising MLLM solutions currently
available, together with the frameworks and techniques related to the processing
of scientific diagrams. Subsequently, we designed five types of research questions
for UML diagrams and proposed five example questions along with their cor-
responding ground truths based on the UML class diagram we have. Based on
these questions, we evaluated many of the promising state-of-the-art MLLMs,
covering both the commercial ones and locally deployable solutions as well. Ac-
cording to the achieved experimental results, GPT-4 and Claude-3.5 exhibit the
best performance among commercial solutions, while InternVL2-8B-MPO is the
only locally deployable openly available model satisfying the objectives of our
automotive case study. Therefore, taking into account the advantage of using lo-
cally deployable solutions (especially considering non-disclosure and intellectual
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property aspects), we show a proof-of-concept implementation of the MLLM-
based web service relying on the Intern-VL2 model aimed to be used within
automotoive software development workflows.

Future work should be drawn attention to enhancing MLLMs’ ability to
process set of large and complex UML diagrams describing singular system, par-
ticularly in understanding class attributes and functions for purpose of complex
scenarios targeting code generation in automotive domain, focusing on hardware
abstraction aspects. Meanwhile, improving models’ capacity to detect and inter-
pret subtle differences between similar UML diagrams is a critical direction. In
addition, developing new benchmarks and datasets that target these challenges
in automotive will also be essential to driving progress in this area. Finally, we
will also work towards integration of the developed service capable of diagram
information extraction in order to extend our automotive software development
and testing workflows previously presented in [7] and [48].
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