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Abstract
The continued advancement of large language models (LLMs) has unlocked new opportunities
for systems engineering particularly in the field of visual question answering (VQA). Multi-modal
LLMs are capable of processing both textual and graphical inputs, allowing them to interpret the
graphical elements of model-based systems engineering (MBSE) models alongside
accompanying textual descriptions. This paper explores the capabilities of multi-modal LLMs in
understanding and interpreting Systems Modeling Language (SysML) v1 block definition
diagrams (BDDs). BDDs are visual diagrams that formally capture a system’s structural elements,
properties, relationships, and multiplicities.

We evaluate both proprietary and open-source multi-modal LLMs using a curated dataset of
SysML BDDs and associated multiple-choice question set designed to assess LLM performance
at the first two levels of Bloom’s Taxonomy, Remember and Understand. We also analyzed the
effect of model size on accuracy. The results provide insights into which current LLMs are able to
natively interpret SysML BDD syntax which informs future research aimed at enhancing systems
modeling processes with Al agents.

Introduction

The integration of artificial intelligence (Al) into Model-Based Systems Engineering
(MBSE) processes presents significant opportunities for improving model comprehension,
validation, and support activities. Multi-modal large language models (LLMs) are capable of
processing both textual and graphical inputs and have expanded the potential for automating
the interpretation of system modeling language (SysML) v1 models. Block Definition Diagrams

Q

o,

ACQUISITION RESEARCH PROGRAM
DEPARTMENT OF DEFENSE MANAGEMENT - 355 -
NAVAL POSTGRADUATE SCHOOL

< Mg,




(BDDs) are key elements of SysML v1 models, serving as a foundational representation of
system structure, properties, and relationships (OMG, 2019).

Despite the rapid evolution of LLMs, their ability to accurately interpret SysML artifacts
remains largely unexplored. Existing evaluations of multi-modal LLMs have primarily focused on
images or general diagrammatic reasoning, rather than domain-specific graphical languages
such as SysML ( Antol et al., 2015; Ishmam et al., 2024; Lin et al., 2014). This gap limits the
current understanding of LLMs’ effectiveness in supporting engineering workflows that rely on
formal SysML model interpretation.

This paper addresses this gap by evaluating the performance of contemporary multi-
modal LLMs in interpreting SysML v1.x BDDs. We develop a curated dataset of BDDs and
design a multiple-choice question set aligned with the first two levels of Bloom’s Taxonomy. The
evaluation examines both proprietary and open-source LLMs, analyzing their capabilities across
models of varying sizes. The findings offer empirical insights into the strengths and limitations of
current LLMs in understanding formal systems modeling artifacts and inform future research on
enhancing Al-driven support for MBSE practices.

Background and Related Research

Visual Question Answering

Visual question answering (VQA) is a field of Al research focused on answering textual
questions using image(s) as contextual input (Antol et al., 2015). Responses can be binary
(yes/no), multiple choice, or open-ended. Early VQA methods combined computer vision (CV)
feature extraction and natural language processing (NLP) machine learning (ML) techniques to
generate answers (Ishmam et al., 2024). The introduction of attention mechanisms such as
stacked attention networks and dynamic memory networks enabled multi-step reasoning in VQA
tasks (Xiong et al., 2016; Yang et al., 2016). Large Visual Language Models (LVLMs) such as
VILBERT and VisualBERT further advanced the field by incorporating pretraining techniques
and transformer architecture to increase model performance (Li et al., 2019; Lu et al., 2019).

The emergence of multi-modal LLMs transformed VQA by enabling unified reasoning
over text and images. Models like Flamingo and PaLl demonstrated that scaling vision-language
pretraining yields strong few-shot VQA capabilities (Alayrac et al., 2022; Chen et al., 2023).
BLIP-2 (Li et al., 2023) further streamlined this approach by efficiently connecting frozen pre-
trained image encoders and LLMs (Li et al., 2023). OpenAl’'s GPT-4 represented a shift toward
general-purpose multi-modal reasoning achieving similar performance to text only inputs without
VQA-specific architectures (OpenAl et al., 2024). These advancements have moved VQA from
specialized models toward foundation models with broad applicability across engineering and
scientific tasks.

VQA Benchmarks

A variety of datasets have been developed to benchmark VQA capabilities. The Dataset
for Question Answering on Real-Work images (DAQUAR) was one of the first largely used VQA
benchmarks and was a modern attempt at a “visual Turing test” (Malinowski & Fritz, 2015).
Microsoft's Common Objects in Context (COCO) dataset introduced a large dataset where each
image was provided as a raw image and then a segmented image with highlighted objects
(Figure 1) that enabled benchmarking for tasks such as counting (Lin et al., 2014). The VQA-2.0
dataset balanced the VQA-1.0 dataset by collecting complementary images for each question
ensuring that each question could be applied to different images and yield different answers
(Antol et al., 2015; Goyal et al., 2019).
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Figure 1. Sample Image from COCO Dataset (COCO - Common Objects in Context, n.d.)
(a) Original Image, (b) Segmented Image Displaying Overlay for Fire Hydrants and Vehicles

While datasets such as DAQUAR, COCO, and VQA 2.0 addressed general VQA
questions, they also highlighted the need for application specific datasets such as chart and
diagram specific datasets. These chart and diagram specific datasets sought to address
recalling and synthesizing data from the chart using methods such as optical character
recognition (OCR), interpreting numerical data contained in a chart, and understanding of
different chart structures (Kafle et al., 2020).

Chart and figure specific datasets continue to evolve along with new methods to improve
complex reasoning (Srivastava & Sharma, 2024). Data visualization question answering
(DVQA) is one of the early chart datasets specifically focused on bar charts (Kafle et al., 2018).
When introducing the DVQA dataset, Kafle et al. showed that VQA methods were not effective
at recalling or synthesizing data related to bar charts and proposed new methods for chart
specific VQA. Also introduced in 2018, FigureQA expanded charts types to include line plots,
dot-line plots, and pie charts in addition to bar charts and proposed a Relation Network method
(Kahou et al., 2018). More recent datasets such as ChartQA introduce complex reasoning
questions that require logical and arithmetic calculations (Masry et al., 2022). A sample from the
ChartQA dataset shown in Figure 2 demonstrates the increased complexity of questions.
Answering the questions requires the number of bars in the chart, analyzing their labels for
relevance (is it a food or not), and then combining those two pieces of information to determine
the correct answer.
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Question 1 in the ChartQA ‘test’ dataset:

Q: How many food items are shown in the bar graph?
A: 14

Figure 2. ChartQA Sample Question and Associated Image
(Lmms-Lab/ChartQA - Datasets at Hugging Face, 2024)

SysML v1.6 BDDs

In SysML v1.6, “the BDD is used to define blocks in terms of their features, and their
structural relationships with other blocks” (Friedenthal et al., 2011). While a BDD can convey
many types of information about blocks and their relationships, this paper focuses on the
following parts of the BDD as described in SysML Distilled (Delligatti, 2014):

¢ Blocks are fundamental modeling elements that represent system components,
subsystems, or other concepts (e.g., actors). They can define both structural and
behavioral features.

e Properties are attributes owned by a block that define the internal structure and
characteristics.

o Part properties represent a block’s internal structure and are used to model
composition.

o Reference properties represent a relationship to an external structure and are
used to show dependency on another block.

o Value properties represent a quantitative or descriptive attribute of a block (e.g.,
speed in miles per hour, length in inches)

¢ Relationships convey composition, abstraction, connection, or dependencies between
model elements.

o Composite associations convey structural decomposition and are denoted by
filled in diamonds.
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o Reference associations convey a connection or dependency between two blocks.
They may also be shown as reference properties.

o Generalizations convey inheritance between elements and are denoted by
unfilled triangles. The generalized element is known as the supertype while the
more specialized element is known as the subtype.

e Multiplicity is a constraint specifying the number of allowable instances, such as one-to-
one (1) and one-to-many (1..*). Multiplicity can also be used to model optional
components (0..1, 0..%).

Representing the LLM Cognitive Process with Bloom’s Revised Taxonomy

Bloom’s taxonomy is a hierarchical model of cognition widely used in education to
classify learning objectives (Bloom et al., 1956). Bloom’s revised taxonomy specifies six
cognitive process levels: Remember, Understand, Apply, Analyze, Evaluate, and Create
(Krathwohl, 2002). In addition to human cognition, recent research has extended Bloom’s
revised taxonomy to LLMs.

A recent study analyzing the alignment of existing LLM benchmarks to Bloom’s revised
taxonomy found that most benchmarks adequately assess the “Remember” and “Understand”
levels but do not comprehensively address all six cognitive levels (Huber & Niklaus, 2025).
Although “Remember” and “Understand” represent the lowest levels of cognition, LLMs do not
always perform the highest at these levels. In a mixed-methods study examining ChatGPT’s
performance on psychosomatic medicine examination questions, researchers observed that
GPT-4 exhibited notable deficiencies in these two levels, with 29 errors in “Remember” and 23
errors in “Understand” stemming from difficulties in recalling specific details and grasping
conceptual relationships (Herrmann-Werner et al., 2024).

Consistent with other evaluation approaches, this study focuses on the first two levels of
Bloom’s revised taxonomy: Remember and Understand. “Remember” questions are designed to
assess recall of information directly from SysML BDDs without requiring synthesis of multiple
elements. “Understand” questions assess higher cognitive engagement through summarization
and inference tasks. Summarization questions require synthesis of multiple pieces of
information from the diagram while inference questions involve drawing conclusions that are not
explicitly stated but are logically supported by the diagram’s structure and consistent with
SysML v1.6 rules.

Methodology

This section describes the methodology for constructing and evaluating a dataset aimed
at assessing LLMs’ ability to interpret SysML v1.x BDDs. In the absence of existing datasets
focused specifically on SysML, a novel dataset was developed to capture both syntactic and
semantic understanding of BDDs through structured multiple-choice questions aligned with
Bloom’s revised taxonomy (Krathwohl, 2002). A set of both proprietary and open source multi-
modal LLMs were evaluated against this dataset. LLM inference was conducted using GPU-
accelerated environments and automated through scripting to ensure consistency and
reproducibility. The evaluation process culminated in a human as judge assessment of LLM
responses where the human judge was a practicing systems engineer.

Dataset Generation

While there are several datasets focused on VQA and diagrams in particular, there are
no datasets specifically focused on SysML v1.x. Therefore, the dataset for this analysis was
generated by systems engineers with experience in both systems modeling and benchmark
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dataset generation. It consists of a curated set of SysML BDDs and associated multiple choice
questions. The dataset was exclusively human-generated with no synthetic content.

The dataset consists of 80 questions. Generated questions cover four key concepts from
SysML v1.x BDDs: Blocks, Properties, Relationships, and Multiplicity. The difficulty of the
generated questions is evenly distributed across the remember and understand levels of
Bloom'’s revised taxonomy. Table 1 details the distribution of questions across both Bloom’s
Taxonomy and BDD concept.

Table 1. Distribution of Questions

Blocks Properties Relationships Multiplicity
Remember 10 10 10 10
Understand 10 10 10 10

The dataset follows a syntax common to multiple choice question datasets with some
minor modifications to incorporate additional fields such as diagram reference, SysML Concept,
and Bloom Taxonomy Category as shown in Table 2. This syntax will allow the dataset to be
easily expanded to more diagram types and potentially be incorporated as an extension into
systems engineering specific benchmarks such as SysEngBench (Bell, 2024).

Table 2. Dataset Fields

Field Data Format Description
QuestionID Integer Unique identifier for each question
BDDConcept Enumeration One of four options: Blocks,

Relationships, Properties, Multiplicity

BloomCategory | Enumeration One of two options: Remember,

Understand

Diagram String File name of the associated SysML BDD
Question String Text of the multiple choice question
ChoiceA String Text for choice A

ChoiceB String Text for choice B

ChoiceC String Text for choice C

ChoiceD String Text for choice D

Answer String Correct Answer: ChoiceA, ChoiceB,

ChoiceC, ChoiceD

A camera specification BDD from the dataset is shown in Figure 3. This diagram
incorporates blocks, value properties, a generalization relationship (denoted by the unfilled
triangle), and other elements such as requirements and value types. Two sample questions
based on this diagram are shown below. Note that the rationale field is included as a courtesy
explanation to the reader as to why the answer is correct, but is not included in the dataset.
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bdd [Package] Security System[ Camera ]J

wblocks
Camera

make : String

model number : String
framerate : fps
resolution

field of view
weight : kg{unit = kilogram
night vision : Boolean
[ [ |
«blocks eblocks «blocke

ABC Camera CAMCO 480NV OPCAM 732-DGC

make : String = CAMCO:
model number : Strin
framerate : fps = 30.1
weight - kg =1.19 kg
night vision : Boolean = true{

make : String = OPCA
model number : Strin
framerate : fps = 24
weight : action functional[de
night vision : Boolean = true{

make : String = ABC
model number : Stri

weight : kg =1.03 k
night vigion : Boolean = fals:

ereguirements ereguirements «valueTypes «valueTypes
Night Vision Camera Weight kg fps
ld="2" ld="1" _ avalueType
Text = "Cameras located in Text = “Each camera in the unit = COlkilogram
outdoor location shall have system shall not weigh more
night vision capabilities.” than 1.5 kg."

Figure 3. Camera Specification Diagram

A sample “Remember” question related to the BDD properties concept is:
What is the custom value type defined for framerate?
a) string
b) kg
¢) boolean
d) fps
Correct Answer: d

Rationale: The framerate property is typed by the fps property in the ‘framerate : fps’ value
property definition.

A sample understand question related to the BDD properties category is:
How many value properties are there for each camera?
a) 15
b) 22
c) 5
d 7
Correct Answer: d

Rationale: The generalized camera block contains seven value properties that are inherited by
each camera. Each specific camera block shows the five value properties that are re-defined,
but not the inherited properties that are not re-defined.

LLM Selection

A variety of open source and proprietary models easily accessible to practicing
engineers were selected for this paper. The open source models were selected as they are the
multi-modal vision models available from the widely used Ollama library as of April 2025
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(Ollama, n.d.). ChatGPT-40 and Sonnet-3.7 were selected as they are widely available
proprietary models. The dataset was evaluated against the following models:

e baklava: 7B

e gemma3: 4B, 12B, and 27B Variants
e granite3.2-vision: 2B

e llama3.2-vision: 11B and 90B Variants
e llava: 7B, 13B and 34B Variants

e llava-llama3: 8B

e minicpm-v: 8B

e mistral-small3.1: 24B

e moondream: 1.8B

e OpenAl chatgpt-40

¢ Anthropic sonnet-3.7

Dataset Evaluation

To evaluate the dataset using Ollama models, a virtual GPU pod instance was
provisioned on RunPod utilizing an NVIDIA A40 GPU. Ollama was installed on this virtual pod
following the guidelines provided in the RunPod documentation (Set up Ollama on Your GPU
Pod | RunPod Documentation, 2025). The selected LLMs were then loaded into the GPU pod
via the ollama run and pull commands. A Jupyter Notebook was deployed within the same pod
to facilitate the evaluation process. The question set formatted as a CSV file along with the
corresponding images was uploaded to the notebook environment. A Python script was
developed to automate the process of asking questions to the LLMs and capturing their
responses. The script iterated through each question in the question set, submitted each prompt
to the LLM under evaluation, and recorded the generated answers. The outputs were then
written to a CSV file for analysis. This workflow is detailed in Figure 4.

The same dataset was used to evaluate the chatgpt-40 and sonnet-3.7 models.
However, instead of using custom scripts and dedicated GPUs, the ChatGPT (ChatGPT, n.d.)
and Claude (Claude, n.d.) websites were utilized to ask the LLMs questions.

LLMs do not explicitly know they should answer a multiple choice question with a one
character response. Therefore the question was asked in the following format:

You are an automated system that answer multiple choice questions and only outputs
one of four letters: A, B, C, or D. Given the following question and four answer choices, respond
with ONLY the letter of the best answer. This will be A, B, C, or D. Do not explain your answer.
Do not say anything else. Use the image as context for your answer.

Question: {question}
A. {option_a}
B. {option_b}
C. {option_c}
D. {option_d}
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There are several methods to compare the model answers to the correct answers
including LLM as a judge and human as a judge. LLM as a judge refers to the use of LLMs as
automated judges for evaluating other LLMs on open-ended tasks where traditional benchmarks
may be insufficient (Zheng et al., 2023). However, due to limitations in dataset size (80
questions), model coverage (18 models), and the fact that LLM judging focuses on evaluating
the final answer rather than the reasoning process behind it, human as a judge is employed for
the final assessment.

Dataset Evaluation Workflow using Ollama and RunPod

b

Provision RunPod virtual GPU instance

=~

(NVIDIA A40)
A
I ¢ ™
| Install Ollama on the virtual pod |
| Install target LLMs into the pod ‘|
\ J
| Launch Jupyter Notebook in the pod |
M A
| Upload question CSV and images |

| Initialize evaluation script |

. A

ra ™
| send guestion and image to LLM |
g

I 2

|r Capture LLM response |
\

—

rd Y
| Write response to output CSV |
‘-. A

85

More guestions?

No

; Y
| Close output Csv |
\ g

e

Figure 4. Dataset Evaluation Workflow

Results, Discussion, and Limitations

Each LLM’s responses were scored against the correct multiple-choice answers to
evaluate accuracy. Accuracy is defined as the percentage of questions answered correctly. The
dataset was designed to assess both syntactic and semantic understanding of SysML BDDs
covering a balanced distribution across four modeling concepts and two levels of Bloom’s
revised taxonomy. The results presented below compare overall model performance, analyze
trends relative to model size, and break down accuracy by cognitive level and SysML concept.
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The overall performance of each LLM is shown in Figure 5. Proprietary LLMs are
denoted by orange bars while open source LLMs are denoted by blue bars. Although proprietary
models secured two of the top three scores, the open-source model mistral-small3.1, a 24B
model, outperformed Sonnet-3.7 while falling short of GPT-40. Given that each multiple-choice
question included four possible answers, the expected accuracy from random guessing across
all 80 questions is 25%. Bakllava, a 7B model, demonstrated the lowest performance and was
the only model that failed to exceed the random guessing baseline.

The scatter plot in Figure 6 compares LLM accuracy to model size. It is important to note
that the size of GPT-40 and Sonnet-3.7 is not publicly available information. There are several
estimates of around 200 billion parameters, but those estimates have not been confirmed by
either OpenAl or Anthropic. A correlation coefficient of 0.65 indicates a moderate relationship
between LLM size and accuracy. However, mistral-small3.1 (24B) outperforms three larger open
source models as well as Sonnet-3.7. Despite being the second smallest model, granite3.2-
vision (2B) outperforms 10 larger models. These observations suggest that factors beyond
parameter count, such as training data and/or methods, influence performance.

The grouped bar chart in Figure 7 visualizes accuracy by Bloom’s revised taxonomy
category. Most LLMs perform better on “Remember” tasks than on “Understand” questions with
GPT-40 correctly answering all “Remember” questions. Two LLMs performed slightly better on
“‘Understand” questions. These results indicate the LLMs’ ability to recall information from a
diagram is greater than the ability to synthesize multiple pieces of information or bring in
additional context not explicitly stated in the BDD.

The multi-series bar chart shown in Figure 8 breaks down performance across the four
core SysML v1.6 BDD concepts: Blocks, Relationships, Properties, and Multiplicity. The results
reveal notable variation across concepts, with most models performing best on Blocks and
worst on Relationships or Multiplicity, highlighting uneven conceptual understanding amongst
LLMs.

LLM Performance on SysML v1.6 Data Set

GPT-40_200b A
mistral-small3.1_24b -
Sonnet-3.7_200b -
gemma3_27b -
granite3.2-vision_2b
minicpm-v_8b -
gemma3_12b -
llama3.2-vision_11b A
llava_34b -
llama3.2-vision_90b A
moondream_1.8b
gemma3_4b
llava-llama3_8b -
llava_13b A

llava_7b A
bakllava_7b A

T T T T T T T T T
0 10 20 30 40 50 60 70 80 90 100
Percent Correct

Figure 5. Overall Performance
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LLM Performance by Size (Log Scale)

100
GPT-40_200b @
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® mistral-small3.1_24b Sonnet-3.7 200b @
§ 601 @ granite3.2-vision_2b ©® minicom-v_8b ® gemma3_27b
g @ @lagemsidadsicth 11b
€ @ llava_34b .
Q ® llama3.2-vision_90b
o @ moondream_1.8b
a 40 A ® gemma3_4b
- @ llava-llama3 8b
@ Ilava_13b
® llava_7b
20 ® bakllava_7b
0 T T
10t 102
LLM Size (Billions of Parameters), log scale
Figure 6. Performance by LLM Size
LLM Performance: Remember vs Understand
GPT-40_200b A

Sonnet-3.7_200b
bakllava_7b
gemma3_4b
gemma3_12b -
gemma3_27b -
granite3.2-vision_2b -
llama3.2-vision_11b -
llama3.2-vision_90b -
llava_7b

llava_13b 4

llava_34b -
llava-llama3_8b
minicpm-v_8b -
mistral-small3.1_24b

moondream_1.8b -

Remember
Understand
0 1'0 2'0 3'0 4'0 5'0 6'0 7'0 Sb 9'0 100
Percent Correct
Figure 7. Performance by Bloom’s Taxonomy Category

p \USMR(}Y
ARP’g ACQUISITION RESEARCH PROGRAM
AL S DEPARTMENT OF DEFENSE MANAGEMENT - 365 -

) NAVAL POSTGRADUATE SCHOOL



LLM Performance by SySML BDD Concept

GPT-40_200b

Sonnet-3.7_200b 4

bakllava_7b

gemma3_4b 4

gemma3_12b

gemma3_27b

granite3.2-vision_2b

llama3.2-vision_11b -

llama3.2-vision_90b -

llava_7b

llava_13b

llava_34b

llava-llama3_8b

minicpm-v_8b - SysML Concept
Multiplicity
Relationships

moondream_1.8b 4 Blocks
EE Properties

mistral-small3.1_24b 4

T T T T T T T T T
0 10 20 30 40 50 60 70 80 90 100
Percent Correct

Figure 8. Performance by BDD Concept

Future Work

This study is an initial exploration of LLM performance on SysML v1.x BDDs using a
curated dataset of multiple-choice questions. While the current dataset is balanced across four
core BDD concepts and two levels of Bloom’s revised taxonomy (“Remember” and
“Understand”), future research can extend the depth and breadth of this analysis.

Future studies could focus on expanding the dataset in three different ways:

¢ Expansion of the dataset to include more questions and images. This could increase the
robustness of the evaluation and potentially increase the statistical significance of the
results.

¢ Incorporation of additional SysML v1.x diagram types beyond BDDs such as Internal
Block Diagrams (IBDs), Activity Diagrams, and Sequence Diagrams would provide a
more comprehensive benchmark to evaluate the extent to which LLMs can generalize
across different visual and semantic structures in systems modeling. This would also
increase the number of multiple-choice questions per Bloom’s revised taxonomy level to
improve statistical robustness and reduce sensitivity to specific wording or diagram
features.

o Expansion of the dataset to include higher levels of Bloom’s revised taxonomy, such as
“‘Apply,” “Analyze,” “Evaluate,” and potentially even “Create” could give a more holistic
view of LLM capabilities. By incorporating these more complex cognitive tasks, future
studies can investigate whether LLM performance declines as tasks become more
abstract and cognitively demanding.

This study identified several LLMs that may be promising candidates for techniques such
as Retrieval-Augmented Generation (RAG) to improve accuracy. Applying RAG could allow
models to draw from relevant SysML documentation or design patterns to enhance their
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question answering abilities. Future experiments could explore the impact of RAG on accuracy
particularly in handling the more difficult “Understand” questions or tasks at higher levels or
Bloom’s revised taxonomy.

Conclusion

This study presents a targeted evaluation of multi-modal LLMs on SysML v1.6 BDDs
through a VQA framework. By grounding the analysis in Bloom’s revised taxonomy and
assessing both proprietary and open-source models, we provide empirical insights into how
LLMs interpret formal, domain-specific systems modeling diagrams. The findings show that
while model size moderately correlates with accuracy, other factors also impact LLM
performance. Most models demonstrate stronger capabilities in recalling elements
(“Remember”) than in synthesizing or inferring information (“Understand”) revealing limitations in
semantic comprehension of structured graphical artifacts.

The curated dataset and evaluation framework introduced here lay the groundwork for
future research into more advanced cognitive tasks and broader SysML diagram types. As the
field progresses, improving model performance through techniques like RAG on domain-specific
content holds significant promise. Ultimately, understanding and enhancing how LLMs process
systems modeling artifacts is a critical step toward their meaningful integration into MBSE
workflows.
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