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Abstract

This thesis addresses the semantic gap between visual perception and functional signifi-
cance of symbols used in road vehicles. It presents a novel approach that enables users to
identify and understand automotive symbols by describing what they visually perceive,
translating visual descriptions into practical implications. A system combining a property
graph representation of visual components and semantic relationships with a language
model-powered natural language interface is developed. This method explicitly mod-
els relationships between visual elements and interpretations, differing from end-to-end
vision-language models. Evaluations, using automated metrics and human assessment,
demonstrate performance exceeding baseline large language models, with a BERTscore F4
of 0.765, compared to the best baseline’s 0.597. Analysis of visual symbol queries reveals
human description tendencies, favoring intuitive analogies and basic shapes. Contribu-
tions include a symbol decomposition methodology, an advanced property graph schema,
natural language query processing, and evidence supporting structured knowledge rep-

resentation for symbol description-recognition, applicable beyond automotive interfaces.
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Chapter 1

Introduction

This thesis addresses the challenge of interpreting visual questions about abstract sym-
bols, with a particular focus on icons used in automotive interfaces. The following intro-
duction establishes the context of this research problem, outlines the novel contributions
of this work, and provides a roadmap for the subsequent chapters. By examining the
semantic gap between visual perception and symbol meaning, this research proposes a
structured knowledge representation approach that significantly improves question in-

terpretation and explanation capabilities compared to existing methods.

1.1 Background and Motivation

Icons!

serve as the visual language of modern interfaces, enabling users to quickly recog-
nize functions across linguistic and cultural boundaries. However, as interfaces become

increasingly complex, particularly in specialized domains like automotive systems, the

abstract nature of many icons can lead to misinterpretation with potentially serious con-

! Throughout this thesis, the terms “icon” and “symbol” are used interchangeably to refer to graphical rep-
resentations that convey meaning or function within user interfaces.



sequences [1, 2]. A driver unable to correctly interpret a critical warning symbol may
make decisions that compromise safety, highlighting the importance of bridging the se-
mantic gap between visual perception and symbol meaning. Studies have shown that
many automotive dashboard symbols fail to meet required comprehension levels, with up

to half of tested icons falling below the 67% comprehension threshold [1].

User Descriptions

“Two wishbone shaped lines joined at the bottom by a hor-
izontal line with five ridges on the outside, separated by an
exclamation mark”

. “A curved container with an exclamation mark inside it.
The container does not have a top and has multiple small
lines under it

Copied by Nicholas Dehnen with .
the permission of the Standards “An exclamation mark surrounded by a U-shaped symbol

Council of Canada (SCC) on behalf that represents a tire'”
of 1SO. The standard can be pur-

chased from the national ISO mem-
ber in your country or the ISO Store.
Copyright remains with [SO.

“A string-less, lyre-shaped symbol”

“A pictogram of an exclamation mark surrounded by a tire.”

Figure 1.1: “Tire failure / malfunction” symbol (ISO 2575, K.10) with different user descriptions
from Fletcher et al. [15]. Descriptions have been truncated for brevity.

This semantic gap — the discrepancy between an icon’s visual appearance and its intended
meaning — presents a significant challenge in Human-Computer Interaction (HCI) [3-5].
When encountering unfamiliar icons, humans typically resort to analogical reasoning,
comparing the symbol to known concepts based on visual similarities [6, 7]. While intu-
itive for familiar icons like a printer or trash bin, this process often fails with the abstract
symbols prevalent in specialized domains like automotive. Figure 1.1 provides examples
of the considerable variation in descriptions for the same symbol. Notably, its specific au-

tomotive purpose (relating to tires) was identified by only two respondents in the sample.


https://scc-ccn.ca
https://scc-ccn.ca
https://www.iso.org
https://www.iso.org/about/members
https://www.iso.org/about/members
https://www.iso.org/store.html
https://www.iso.org

This problem extends far beyond automotive interfaces; for example, it also affects med-
ical equipment interfaces, where misinterpretation can directly impact patient care [8],
industrial control systems where operator errors may cause equipment damage or safety
incidents [9], aviation cockpits with their dense display of critical indicators [10], nuclear
facility control panels [11], and specialized software applications such as computer-aided
design programs [12]. In each of these contexts, users encounter abstract symbols where
the relationship between visual representation and function is not immediately apparent,
creating potential for dangerous miscommunication across diverse high-stakes environ-

ments.

Recent advances in computer vision and natural language processing have produced pow-
erful vision-language models capable of describing images and answering visual queries.
However, these models exhibit notable limitations when confronted with abstract iconog-
raphy [13, 14]. They often struggle to provide accurate explanations of specialized sym-
bols, particularly when the connection between visual appearance and function is not
immediately apparent. Prior research on vehicle dashboard icons has demonstrated that
large vision-language models produce descriptions that score poorly in user evaluations
despite achieving high automated metric scores [15]. This limitation becomes critical in

safety-relevant contexts where precise understanding is essential.

The limitations of current approaches highlight the need for systems that can explic-
itly model the relationships between visual elements and their semantic interpretations,
rather than relying solely on end-to-end learning. Structured knowledge representation
offers a promising approach to address the symbol description-recognition gap and pro-
vide more precise and consistent explanations of abstract symbols, even when they share

visual similarities but differ in meaning.



1.2 Contributions

This thesis presents a novel approach to answering visual queries about symbols, focused
specifically on symbols for use in road vehicles, as standardized in the ISO 2575 [16, 17]
standard. The semantic gap is addressed through a hybrid system that combines a struc-
tured knowledge representation using a property graph (cf. [18, 19]) capturing visual
components, semantic relationships, and human-interpretable analogs, along with a nat-
ural language interface powered by a lightweight language model that translates user

queries to database operations (cf. [20, 21]) while supporting clarification dialogues.

The key contributions of this work include:

1. A systematic methodology for decomposing abstract symbols into their constituent
visual elements, enabling the representation of visual components at multiple lev-
els of granularity. This hierarchical labeling system aligns with cognitive theories
of visual symbol processing and supports both fine-grained visual elements and

higher-level semantic groups.

2. A property graph schema that captures visual and semantic relationships between
symbol elements, enabling reasoning about similarities and differences between
symbols based on their visual characteristics. This structured knowledge represen-

tation serves as the foundation for accurate symbol identification and explanation.

3. Anatural language query processing system with clarification capabilities that trans-
lates user descriptions into database queries, enabling intuitive interaction with the
knowledge base. The system includes query refinement mechanisms to handle im-
perfect initial queries and generates clarification questions when multiple potential

matches are identified.



4. Empirical evidence demonstrating the value of structured knowledge representa-
tion for bridging the symbol description-recognition gap. The proposed system
achieved an LLM-as-a-Judge (cf. [22]) committee F;-score of 0.693 compared to the
best baseline model’s score of 0.256, with human evaluation confirming its practical
utility (average rating of 4.56 on a 5-point Likert scale versus 2.32 —2.51 for baseline

models).

The performance evaluation across different question sets revealed a surprising trend:
all models performed better on human-generated questions than on synthetic questions,
despite the latter being generated with access to the ground truth visual decomposition.
This finding challenges common assumptions about the equivalence of synthetic and hu-
man data [23] in evaluating question-answering systems, suggesting that natural human
questioning patterns may actually be more aligned with model capabilities than artificially

constructed queries.

An ablation study further highlighted the advantages of the property graph-based ap-
proach over conventional retrieval-augmented generation (RAG) methods, demonstrat-
ing not only better performance but also substantially lower computational costs (2.5x
to 150x reduction), reduced latency, and fewer API constraints. These practical advan-
tages, combined with the higher accuracy, emphasize the value of structured knowledge

representation in contexts where performance, efficiency, and explainability are essential.

1.3 Thesis Overview

The remainder of this thesis is organized as follows:

Chapter 2 presents a comprehensive review of related work. The literature review ex-



plores semiotics and icon interpretation theories, the semantic gap in images and descrip-
tions, large vision-language models and their limitations with abstract symbols, prop-
erty graphs for knowledge representation, natural language interfaces to databases, visual
question answering approaches, and existing icon recognition and symbol datasets. This
section establishes the theoretical foundations and situates the current work within the

broader research landscape.

Chapter 3 presents the methodology used in this research. It begins with a detailed ex-
planation of the symbol decomposition process, including the source and extraction of
ISO 2575 symbols, vector graphics processing, and the hierarchical labeling system devel-
oped to annotate symbols at multiple levels of granularity. The section continues with a
description of the graph-based representation using a property graph database, followed
by the architecture of the proposed system and the approach to collecting both human-

generated and synthetic questions for evaluation.

Chapter 4 describes the experimental setup, including the datasets and symbols used, the
baseline systems selected for comparison, the ablation study design, and the evaluation
metrics employed. The section details both automatic evaluation methods using metrics
such as LLM-as-a-judge, BERTScore, METEOR, and ROUGE, as well as the human evalu-

ation study conducted with six participants.

Chapter 5 presents the research findings, beginning with an illustrative example of sys-
tem performance compared to baseline models. The section continues with comprehen-
sive results on question answering performance, human evaluation ratings, comparative
analysis of performance on human versus synthetic questions, and an analysis of ques-
tion structure differences. Additional analyses examine the use of clarification questions

across models and the results of the ablation study comparing the property graph ap-



proach to conventional RAG methods. The section concludes with a discussion of limita-

tions identified through the experimental evaluation.

Chapter 6 summarizes the key contributions and findings of the research, highlighting the
effectiveness of the hybrid approach combining semiotic theory, structured knowledge
representation, and natural language processing for interpreting abstract symbols. The
section concludes with promising directions for future work, including automated symbol
decomposition, enhanced visual synonym coverage, advanced query refinement, cross-
cultural adaptation, improved synthetic question generation, domain extension, and real-

time optimization.

This thesis addresses an important challenge in human-computer interaction: enabling
accurate interpretation and answering of human queries about abstract visual symbols.
The findings demonstrate that explicitly modeling the relationships between visual el-
ements and their semantic interpretations can significantly improve the accuracy and
reliability of symbol explanations, representing a meaningful step toward creating more

intuitive and explainable interfaces for abstract visual languages.



Chapter 2

Related Work

This chapter examines the theoretical foundations and technical approaches relevant to
understanding and answering questions about abstract imagery, such as symbols. Begin-
ning with semiotic theory, the review progresses through vision-language models, knowl-
edge representation, and question-answering systems, establishing the interdisciplinary

background necessary for this research.

2.1 Semiotics and Icon Interpretation

Understanding icons requires a foundation in semiotics, the study of signs and symbols.
American scientist Charles Peirce in 1867 famously classified signs into icons, indices, and
symbols, a framework still applied in modern visual communication [burks_icon_1949,
25]. In Peirce’s terms, an icon bears a physical resemblance to its referent (e.g., a flame
pictogram representing fire), an index has a causal or direct association, and a symbol
relies on learned convention [26]. This terminology is equally useful for describing how

automotive symbols convey meaning, as shown by contemporary analyses of visual in-



terfaces [27]. While icons ideally leverage resemblance for intuitive understanding, many
interface symbols (especially standardized ones) function more like abstract symbols, re-

quiring users to learn their meaning [28].

Interpreting an icon is not just about the graphic itself, but also the user’s cognitive pro-
cesses and prior knowledge [117]. Research shows that a person’s experience, expertise,
and cultural background strongly influence how they recognize and understand icons
[pappachan_cultural_2008, 30]. For example, an automotive technician will more read-
ily identify a brake system warning icon than a new driver. Horton (1994) highlighted
the roles of perception and memory in icon recognition, noting that users recall famil-
iar shapes faster [32]. Likewise, studies confirm that people from different cultures or
domains may interpret the same symbol differently, based on learned conventions and
context. Effective icon design thus often aims for familiar metaphors (a floppy disk icon
meaning “save”, etc.) that tap into shared cultural knowledge [littlemore_effect_2003].
In addition, Gestalt psychology explains how humans perceive visual elements as unified
patterns rather than distinct parts. Principles such as proximity, similarity, and closure
shape how icon components are grouped in perception [34]. For instance, if small trian-
gular shapes are arranged closely in a circle, users may perceive them as a single gear
or cog symbol. Leveraging these principles can make icons more quickly recognizable,
and well-designed icons, often resembling real-world objects or common metaphors, feel
intuitive [35]. For example, a printer icon looks like an actual printer. Recent work by
Bithler et al. (2020) provides scientific guidelines to ensure pictograms are as “universal
and intuitive” as possible [36]. Human-computer interaction (HCI) studies further show
that familiarity and visual concreteness (how much an icon looks like what it represents)

significantly improve interpretability [37]. Mcdougall et al. (1999) introduced metrics for



measuring how directly an icon conveys its meaning, and later evaluations reiterate that
icons with obvious, concrete imagery are easier to understand across languages [38]. In
practice, icons that closely resemble their referent (a flame for “fire”, a telephone handset
for “call”) achieve higher recognition rates even by users who speak different languages

[39].

Despite these general principles, specialized domains pose unique challenges. In domains
like automotive systems, medicine, or industrial control panels, icons are often abstract
and standardized, making them less self-evident. For example, the ISO 2575 standard [16]
defines dozens of automotive symbols that drivers are expected to be familiar with. These
designs prioritize consistency, simplicity, and distinctiveness over resemblance, resulting
in a noticeable semantic gap between the icon’s appearance and its actual meaning. Users
without relevant background knowledge or training may not intuitively grasp that an icon
of a circle surrounded by parentheses is supposed to represent a drum brake assembly.
Studies in automotive human-machine interfaces (HMIs) have underscored that semantic
distance — the gap between an icon’s look and its function — can impede quick under-
standing [40]. In Silvennoinen et al’s (2017) experiments on in-car infotainment icons,
the authors found that an optimal icon set is one where each icon is as semantically close
as possible to its intended function (and clearly distinct from other icons) [40]. When
symbols become too abstract, users must rely on memory or external aids to decipher
them [41]. This is precisely the scenario in consumer road vehicles: many warning and
status icons (brakes, transmission, ABS, etc.) are not self-explanatory and demand prior
knowledge. The need to bridge this gap between visual form and meaning is a driving

motivation for the research conducted in this thesis.
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2.2 The Semantic Gap in Images and Image Descriptions

The discrepancy between what an image depicts visually and the meaning or description
a human would ascribe to is commonly referred to as the semantic gap. This concept has
long been recognized in computer vision and multimedia research [3]. In essence, low-
level visual data (pixels, shapes, colors) rarely maps directly to the high-level concepts
people think of when they see an image. Dorai and Venkatesh (2003) described this gap
in the context of image retrieval, highlighting how difficult it is for computational features
to capture the “meaning” of an image [4]. Despite decades of progress, the semantic gap

remains a core challenge for image understanding systems.

Recent studies reinforce that bridging this gap is not only a technical problem but also a
subjective one. Bahmanyar et al. (2015), for instance, explored differences between user
interpretations and computer-generated interpretations of images. They found that even
when algorithms improve and the gap narrows objectively, individual users may still be
dissatisfied with how images are described [42]. One reason is what the authors termed a
linguistic semantic gap: people use varied language and personal context when describing
images, so a single generated description might not align with every user’s expectation
[42]. Their work suggests that bridging the gap requires accounting for diverse user per-
spectives and descriptions, not just optimizing for one “ground truth” label [5]. In the
domain of icons and symbols, this issue is acute. An abstract icon can generate widely
different descriptions from different users — one might call the symbol “an oil can” while
another calls it “a gravy boat shape”. Both refer to the same icon, but the semantics (visual
vs. functional description) differ. This divergence complicates the task of automatically
answering questions about icons, since a system must correctly understand a variety of

different descriptions in order to be able to accurately assist the user.

11



Another facet of the semantic gap is the semantic distance between a symbol and its
meaning, as noted earlier. Silvennoinen et al. (2017) demonstrated that when this distance
is large (the icon looks very little like its meaning), users take longer or fail to make the
connection [40]. This underscores a broader point: recognizing an object (or icon) in an
image is not the same as understanding its significance. For example, an algorithm might
detect that a dashboard icon contains a pictogram of a person wearing a seatbelt, but
bridging the semantic gap means conveying why that icon is lit — e.g., “seatbelt reminder,
please fasten your seatbelt”. The context in which an image appears plays a crucial role
in closing this gap [30, 42]. An icon on a car dashboard means something very specific in
that setting, which might differ from a similar-looking icon in another context. Therefore,
incorporating contextual knowledge (such as the device or domain where the icon is used)

is often necessary to truly bridge visual data and meaningful description.

To address these challenges, researchers are developing more sophisticated alignment
techniques between vision and language. One emerging idea is to enrich the visual rep-
resentation with structural and relational information before mapping to language. For
example, Zhang et al. (2025) propose using panoptic segmentation (identifying all objects
and regions in an image) and a Graph Spiking Hybrid Network to create richer visual
semantic representations [43]. By combining spiking neural networks and graph neural
networks, their model captures both local details and global context, aiming to preserve
the relationships among visual elements [43]. The goal of such work is to generate im-
age embeddings that carry higher-level semantic clues, thereby reducing the gap when
these embeddings are translated into language [44]. While this approach targets general
images, the principle is relevant to icons: parsing an icon’s components and relations

(for example, a circle with an exclamation mark inside means something different than

12



the same exclamation mark inside a triangle) can help systems move from raw pixels to
meaning. In summary, bridging the semantic gap requires combining low-level percep-
tion with high-level reasoning. This theme recurs in modern vision-language research
and is directly pertinent to explaining icons, where the divide between what is seen and
what it means is often vast. The design of the system and labeling methodology proposed

in this work are explicitly informed by these findings.

2.3 Large Vision-Language Models

In recent years, vision-language models (VLMs) have advanced significantly in connecting
visual content with natural language, representing a crucial step toward addressing the
semantic gap. Early image captioning systems from the mid-2010s typically employed a
convolutional neural network (CNN) as an image encoder and a recurrent neural network
(RNN) as a decoder to generate textual descriptions [45]. The Show-and-Tell model by
Vinyals et al. (2015) and Show-Attend-and-Tell by Xu et al. (2015) demonstrated that neural
networks could generate coherent captions for commonplace images by learning from
extensive labeled datasets [45, 46]. These models encoded images into feature vectors
and learned to decode those features into descriptive sentences, effectively establishing a
mapping from visual features to linguistic expressions. While functional for photographs
depicting common objects and scenes, these models frequently produced generic captions

and encountered difficulties with less common or more abstract visual content.

A notable advancement in vision-language alignment emerged with the introduction of
CLIP (Contrastive Language-Image Pre-training) by Radford et al. (2021). CLIP imple-

ments an alternative approach: rather than generating captions for images, it learned to

13



associate images with corresponding text by training on an extensive dataset of 400 mil-
lion image-text pairs collected from the internet [47]. By establishing a shared embedding
space for images and text, CLIP enables zero-shot classification. Specifically, given a set
of candidate textual descriptions, it computes similarity scores between the image em-
bedding and the text embeddings to determine which description best matches the image
[47]. This approach marked a significant advancement in bridging vision and language
representations. For instance, when provided with candidate descriptions for dashboard
icons, CLIP can match an image to an appropriate description (e.g., “windshield defrost
icon”), even if that particular icon was not explicitly labeled in its training data, as long as
similar images and descriptive text were present. However, CLIP does not generate labels
or comprehensive explanations; its output is limited to selecting the most relevant textual

description among those provided.

Simultaneously, image captioning models continued to evolve. The CNN-RNN paradigm
has been superseded by more sophisticated transformer-based architectures and large-
scale training methodologies. Models such as BLIP (Bootstrapping Language-Image Pre-
training) [48] and its successor BLIP-2 [49] utilize transformers to both comprehend and
generate language about images. These models are trained on millions of image-caption
pairs, enabling them to produce more nuanced and contextually appropriate descriptions
than earlier systems. For example, BLIP can analyze a photograph of a complex scene and
generate a detailed sentence, while BLIP-2 further enhances this capability through a two-
stage approach in which a vision encoder is coupled with a language model, refining the
image-to-text generation process [48, 49]. Such models approach explaining content in
a manner resembling human description, but when confronted with abstract or domain-

specific images (such as instrument panel icons), they often encounter limitations due to
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insufficient specialized background knowledge.

The current trajectory involves integrating Large Language Models (LLMs) with visual
processing capabilities — effectively creating multi-modal LLMs, also referred to as Large
Vision Language Models (LVLMs). These systems aim to harness the general reasoning
and conversational capabilities of LLMs (such as GPT-style models) and incorporate visual
information through an attached vision encoder. One example is LLaVA (Large Language
and Vision Assistant) by Liu et al. (2023), which connects a pretrained vision encoder
to an instruction-tuned LLM (Vicuna, based on Meta’s Llama models) [50]. LLaVA is
fine-tuned to respond to user prompts about images, allowing it to engage in dialogue
regarding visual content. Similarly, OpenAI’s GPT-4 and the more recent 03-mini reason-
ing models support multi-modal input, capable of processing image inputs alongside text,
and demonstrating sophisticated capabilities in describing and analyzing images [51, 52].
These vision-augmented LLMs represent the state of the art in image description technol-
ogy — they not only describe but can also reason about images to a certain extent, respond
to inquiries, and provide explanations. For instance, when presented with a dashboard
icon, an LVLM could potentially not only identify it but also elaborate on its meaning,

contingent upon having the requisite background knowledge.

Despite these advancements, current LVLMs continue to face challenges with non-natural,
abstract images, including symbols or icons, which is particularly relevant to the problem
domain [53]. Even the sophisticated GPT-4 model, when tested on unfamiliar icons, may
accurately describe the visual features (e.g., “a symbol showing a person with a seatbelt”)
without fully comprehending the function or specific context (e.g., that it indicates the
seatbelt is not fastened). A recent study by Fletcher et al. (2024) illuminates these lim-

itations. The researchers presented state-of-the-art LVLMs with automotive dashboard

15



icons and tasked them with generating explanations, introducing a new dataset compris-
ing 408 vehicle dashboard icons with ground-truth descriptions for evaluation [15]. They
evaluated models including OpenATI’s vision-enabled GPT-40, Anthropic’s Claude 3.5, and
the open-source model LLaVA. Notably, they had the models produce two categories of
descriptions: a visual description (the icon’s appearance) and a functional description (its
meaning within the vehicle context). The findings indicated that the proprietary mod-
els (GPT-40 and Claude) performed adequately in generating accurate descriptions when
provided with both the icon image and contextual information from the vehicle manual,
whereas LLaVA demonstrated significantly lower performance. Indeed, without contex-
tual information, all models frequently misinterpreted the correct meaning - reinforcing
that visual information alone is insufficient for these abstract symbols. Optimal perfor-
mance was achieved when models had access to multi-modal inputs (the icon combined
with explanatory textual context), which substantially outperformed either image-only
or context-only inputs for identifying the icon’s function. This suggests that even so-
phisticated vision-language models benefit from structured knowledge or contextual cues
when interpreting symbols. In conclusion, while LVLMs represent the current state of
the art in mapping images to language, they do not constitute a panacea for image under-
standing. Particularly for non-natural images, they frequently require supplementation
with domain knowledge to appropriately comprehend the semantic meaning and to facil-
itate reasoning about the images. This insight motivates the research conducted in this
thesis, while also naturally directing attention toward approaches that combine (vision-)
language processing with knowledge representations, as will be explored in subsequent

sections.
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2.4 Property Graphs and Knowledge Representation

Knowledge representation in Al leverages structured repositories called knowledge bases,
with knowledge graphs (KGs) representing a modern evolution that organizes information
as nodes (entities, or concepts) and labeled edges (relationships). As defined by Hogan
et al. (2021), a knowledge graph is “a graph of data intended to accumulate and convey
knowledge of the real world”. This graph-based structure facilitates both human and
machine interpretation, making KGs valuable for reasoning and query answering [54].
The historical development of KGs traces back to semantic networks of the 1960s, evolving
through expert systems in the 1980s-90s, and gaining momentum with the Semantic Web
movement [55]. Significant milestones include DBpedia’s extraction of structured data
from Wikipedia (2007) [56], Freebase’s collaborative knowledge database (2007) [57], and
Google’s introduction of its Knowledge Graph (2012) [58], which popularized the term by

framing search as connecting entities rather than isolated keywords.

Two primary frameworks exist for implementing knowledge graphs: the Resource De-
scription Framework (RDF) and property graphs [54]. RDF represents information through
subject-predicate-object triples stored in specialized databases called triplestores [59].
This approach offers strong semantic interoperability through standardized query lan-
guages (SPARQL) and ontology definitions (OWL) [60, 61], operating under an open-
world assumption that encourages data integration. In contrast, property graphs allow
both nodes and edges to have properties attached as key-value pairs [18], offering a more
flexible representation where additional attributes are embedded directly in the graph
structure rather than as separate triples. Property graphs, implemented in systems like
Neo4j [62] and accessed via query languages such as Cypher [21], typically operate with-

out enforcing a global schema upfront, making them more approachable for domain-
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specific applications. The choice between these models depends on use case requirements:
RDF excels in standardization and formal semantics, while property graphs prioritize flex-

ibility and intuitive data representation [63].

Knowledge graphs play a crucial role in reasoning and question answering by making
relationships explicit and enabling multi-hop inference [54]. Knowledge Graph Question
Answering (KGQA) systems translate natural language questions into graph queries to
retrieve answers by traversing the structured relationships [64]. Recent approaches com-
bine neural language models with knowledge graphs to improve reasoning capabilities
[65], allowing systems to verify or augment generated answers with factual information.
Beyond textual applications, knowledge graphs have become increasingly important in
visual reasoning through scene graphs - structured representations that capture visual
content by representing detected objects as nodes and their spatial, semantic, or functional
relationships as edges, allowing machines to understand and reason about the contents
of images or videos [66]. By abstracting images into graph form, complex visual reason-
ing becomes more tractable, improving performance on tasks like image captioning and

Visual Question Answering (VQA) [66].

Multi-modal knowledge graphs extend these capabilities by connecting visual data with
traditional knowledge [67]. VisualSem [68] exemplifies this approach with approximately
90,000 visual concept nodes linked to textual definitions and example images, provid-
ing an integrated resource for grounding and data augmentation in vision-and-language
tasks. Similarly, VisionKG integrates 37 vision datasets into a unified semantic resource
comprising over 617 million RDF triples describing about 61 million entities [69]. Such
resources enable complex queries combining visual and semantic criteria, providing a rea-

soning layer above raw visual recognition that supports sophisticated interpretation and
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question answering about visual content [67].

This thesis leverages these insights to develop a question-answering system for symbolic
images by combining a property graph knowledge base with Large Language Models.
While LLMs excel at interpreting natural language and generating fluent responses, they
lack grounded knowledge of specific domains such as symbol meanings (cf. [15]). In
particular, the property graph constructed for this work serves as a grounding mechanism
in two ways, helping to match user queries with the correct symbols, as well as ensuring
that responses are based on encoded knowledge rather than the language model’s prior
training. This approach combines the LLM’s linguistic flexibility with the knowledge
graph’s precise, domain-specific information and reasoning capabilities, enabling robust

symbol question-answering.

2.5 Natural Language Interfaces to Databases

To be useful, the information in a database or knowledge graph needs to be accessible
to end-users, ideally in an intuitive manner. Natural Language Interfaces to Databases
(NLIDB) address this need by enabling users to query structured data using everyday
language rather than formal query languages such as SQL or SPARQL [70]. This approach
significantly lowers the barrier to data access, especially for domain experts who may lack
technical database skills. NLIDB research spans over five decades, evolving from rule-
based systems to modern neural approaches that achieve increasingly higher accuracy on

complex queries.

Early NLIDB systems emerged in the 1970s with pioneering works such as LUNAR, which

answered questions about moon rock samples, and BASEBALL for sports statistics queries
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[20]. The 1980s saw systems like Chat-80, built in Prolog, which translated English ques-
tions into logical queries and influenced many subsequent systems [20]. Despite their
technical innovations, these early systems were limited to narrow domains and struggled
with linguistic variations. Users often needed to learn what phrasing the system could
understand, as unexpected formulations frequently led to parsing failures [70]. The early
2000s brought more precisely constrained approaches, exemplified by PRECISE, which
guaranteed correct interpretations for a subset of English by combining linguistic pars-
ing with graph-matching techniques [71]. This evolution reflected persistent trade-offs

between coverage, accuracy, and domain portability.

Modern NLIDB research has experienced a resurgence driven by advances in neural net-
works and the creation of benchmark datasets. Contemporary systems primarily frame
the problem as semantic parsing, using sequence-to-sequence models to translate nat-
ural language questions into database queries [72]. Two influential benchmarks have
guided this progress: WikiSQL, containing over 80,000 question-SQL pairs for single-table
databases [73], and Spider, featuring 10,000+ examples across 200 different databases re-
quiring multi-table joins and complex query structures [72]. Neural architectures typi-
cally employ encoder-decoder frameworks initialized with pre-trained language models,
with innovations like schema linking to align question terms with database elements, and
constrained decoding to ensure syntactically valid queries [74]. These advances have sig-

nificantly improved cross-domain generalization and complex query handling.

Following a pattern observed in many other fields, the integration of Large Language
Models (LLMs) also represents the latest frontier in NLIDB research. Models like GPT-4
demonstrate impressive in-context learning capabilities, generating correct SQL queries

from natural language questions with minimal examples [75]. Their pre-training on mas-
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sive text corpora enables better handling of linguistic variation compared to models trained
solely on NLIDB datasets. Beyond query generation, modern LLMs facilitate knowledge-
grounded responses, providing explanations alongside results and clarifying reasoning
steps in query construction [76, 77]. This approach enhances transparency and user trust
while maintaining the technical accuracy of database interactions. Current research fo-
cuses on prompt engineering for complex schemas, implementing safeguards for poten-
tially incorrect outputs, and efficient schema information retrieval for large databases

[76].

This thesis draws inspiration from NLIDB approaches to bridge the gap between user
questions and structured data about symbols. The developed system translates natu-
ral language questions into Cypher queries, which are executed over a property graph
knowledge base of visual symbols and their meanings. Similar to how modern NLIDBs
combine neural language understanding with structured database queries, this approach
leverages an LLM’s linguistic capabilities while ensuring responses remain grounded in

verified knowledge.

2.6 Visual Question Answering

Enabling machines to answer questions about visual content bridges a vital gap in human-
computer interaction, allowing users to query visual information as naturally as they
would textual data. Visual Question Answering (VQA) represents an interdisciplinary
research area spanning computer vision, natural language processing, and knowledge rep-
resentation. The task involves processing an image and a natural language question about

that image to produce an accurate textual answer. Unlike image captioning, VQA requires
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goal-oriented understanding: the system must identify what information the question
seeks and locate relevant visual evidence to formulate an answer [78]. This necessitates
scene comprehension and often logical inference capabilities. The VQA benchmark in-
troduced by Antol et al. (2015) exemplifies this range of complexity, including questions
from simple object identification to those requiring sophisticated reasoning about image

content [78].

Modern VQA models typically integrate CNNs for image processing with transformers
for question answering. These architectures may perform adequately on common im-
ages by learning statistical patterns from training data [79]. However, many questions
inherently require information beyond what is visible in the image itself. This limitation
has motivated the development of knowledge-based VQA, which extends vision-language
pipelines by incorporating external information sources to address questions that visual
analysis alone cannot answer [80]. Such systems perform multiple steps: detecting vi-
sual elements, identifying them, and retrieving relevant information from a knowledge

repository.

Several datasets have advanced knowledge-based VQA research. The Fact-based VQA
(FVQA) dataset by Wang et al. (2018) pioneered questions that explicitly required external
knowledge to answer correctly [81]. Building on this approach, Knowledge-based VQA
(KVQA) by Shah et al. (2019) introduced 183,000 question-answer pairs focused on real-
world entities in images [82]. KVQA requires systems to link visual entities to knowledge
graph entries (specifically Wikidata [83]) and perform multi-hop reasoning to retrieve
relevant attributes. These benchmarks demonstrated that structured knowledge bases

are essential for answering questions beyond the scope of visual content alone.
Recent advancements in VQA research have explored hybrid approaches that combine
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deep neural networks with knowledge-based systems or language models. Tao et al. (2025)
propose integrating large language models (LLMs) into the VQA pipeline, where the LLM
interprets questions and guides knowledge graph retrieval [84]. In their zero-shot VQA
framework, the LLM translates visual scenes and questions into knowledge graph queries
through “strategic question search”, while the graph provides factual grounding. This
architecture leverages complementary strengths: LLMs excel at language understanding
and logical connections, while knowledge graphs provide verifiable facts. The integration

yields improved accuracy on tasks neither component could solve independently [84].

Interactive capabilities further enhance VQA system usability by addressing ambiguities
through clarification requests. Recent research in interactive VQA emphasizes dialogue
capabilities to improve user experience [85]. This conversational approach requires sys-
tems to maintain context and generate appropriate follow-up questions — capabilities that
LLMs effectively manage. The combination of visual processing, structured knowledge
representation, and conversational interfaces creates systems that more closely approxi-
mate human-like assistance, integrating perception, memory, and communication func-

tions.

However, abstract, non-natural images such as technical schematics or symbols present
a particular challenge for VQA systems [86]. These visual elements often appear infre-
quently in training data, making them difficult for models to recognize reliably. Fur-
thermore, questions about symbolic meaning inherently require external knowledge, as
the semantic interpretation of an abstract symbol is not directly evident from its visual
features alone. This domain highlights the importance of knowledge-based approaches
that can bridge the gap between visual perception and functional meaning. This thesis

builds upon these insights by developing a knowledge-based VQA system specifically for
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abstract symbol question answering, with a focus on automotive icons.

2.7 Icon and Symbol Recognition

Icons and symbols represent a class of visual elements that convey information through
simplified graphical forms. These visual abstractions appear across numerous domains:
graphical user interfaces employ icons to represent commands or statuses [87]; automo-
tive dashboards display standardized warning symbols defined by international standards
such as ISO 2575; aviation and industrial control panels utilize symbolic indicators; and
various types of documents incorporate symbols for clear and concise communication
[88]. These examples illustrate that recognition and interpretation of these symbolic el-
ements constitute a fundamental problem whenever abstract visuals are used to commu-

nicate functionality or information.

Early computer vision approaches to icon recognition relied on template matching and
geometric detection of fundamental shapes, though these methods struggled with varia-
tions in scale and rotation [89, 90]. The 2000s saw adoption of invariant feature extraction
techniques like SIFT and SURF for more robust symbol matching [91-93]. The paradigm
shifted significantly during the 2010s with data-driven deep learning, as CNNs became
the predominant solution, learning visual patterns directly from labeled datasets [94].
CNN-based models have achieved near-human performance in related tasks like traffic
sign recognition, with models smaller than 1MB in size, capable of running on embed-
ded devices [95]. Recent years have seen exploration of Vision Transformers (ViTs) and
attention-based architectures, which can outperform CNNs on many image recognition

tasks through their self-attention mechanisms that provide access to global image infor-
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mation [96]. However, domain-specific performance varies significantly — while ViTs
demonstrate superior robustness to noise and image augmentation in general computer
vision tasks, CNNs may still hold advantages in specialized applications like traffic sign
recognition, where performance gaps of up to 12% have been observed in favor of convo-

lutional architectures [97].

Several research domains beyond traffic sign recognition share techniques with icon recog-
nition while addressing symbols in specific contexts. Recent advances in the field of en-
gineering diagram analysis combine object recognition with region proposal to interpret
representations such as electrical schematics or flowcharts [98]. Logo detection treats
corporate emblems as target classes using object detection methodologies adapted from
the icon recognition domain, with state-of-the art-methods employing approaches such
as detection transformers and feature pyramid networks [99]. Optical Character Recog-
nition (OCR) focuses on recognizing characters (alphanumeric symbols) in images, a do-
main in which contemporary LVLM-based approaches such as Mistral OCR [100] have
shown vast improvements over traditional techniques [101]. Mathematical expression
recognition addresses the identification and spatial parsing of mathematical notation, re-
quiring both symbol classification and analytical understanding of two-dimensional ar-

rangements [102].

Despite significant advancements, substantial research gaps persist in this domain. All
existing datasets identified through systematic literature review solely provide class or
sentiment labels for icons without deeper semantic annotations or decomposition into
constituent elements. This limitation constrains the ability of models to perform higher-
level reasoning about symbolic representations. While contemporary techniques can re-

liably identify which icon appears in an image, understanding why an icon conveys its
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particular meaning or analyzing its compositional structure remains challenging. Initial
efforts to address this gap include datasets that pair icons with human-written descrip-

tions and definitions [15], though such resources remain limited in scope and availability.

This thesis extends the work of Fletcher et al. by systematically decomposing and semanti-
cally labeling ISO 2575 symbols used in road vehicles. Through this structured knowledge
representation approach, the system bridges the identified research gap, enabling effective

reasoning about both visual components and functional meanings of automotive icons.
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Chapter 3

Method

This chapter introduces a novel knowledge-based system designed to interpret queries
and explain automotive symbols. The approach combines structured visual representation
with natural language processing capabilities, addressing limitations in current symbol
recognition technologies. A graph-based architecture is presented that enables transpar-
ent reasoning processes and reduces the occurrence of hallucinations, which are common
with purely LLM-based approaches. The following subsections detail each component
of this integrated system, from initial symbol decomposition to the final user interaction

framework.

3.1 Symbol Decomposition

To bridge the semantic gap between visual perception and symbol meaning, a structured
decomposition approach for ISO 2575 symbols was developed. This methodical decompo-
sition serves as the foundation for the knowledge representation system, enabling expla-

nations of abstract symbols by modeling relationships between visual elements and their
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semantic interpretations. Unlike end-to-end learning approaches, this method captures
both the visual components and their semantic relationships in a format that supports

reasoning and explanations.

3.1.1 Symbol Source and Extraction

The International Organization for Standardization (ISO) provides a comprehensive set
of standardized symbols for use on road vehicles through the ISO 2575 standard [16, 17].
The standard is organized into 19 annexes, each grouping symbols by their specific func-
tional domain within road vehicle design. For example, separate annexes address areas
such as lighting, engine and fuel systems, vehicle handling, safety, and more. In essence,
these annexes reflect the different operational and safety functions integral to the vehicle,
ranging from performance-critical systems to communication and comfort features. Ad-
ditionally, the standard categorizes the symbols contained within the standard into three
functional groups: control, telltale, and indicator. Each category serves specific commu-

nication purposes within vehicle interfaces.

Figure 3.1 presents 20 symbols from annexes A-D, F-H, and J-M. The symbols shown in
this figure were also used for the following question collection from human participants
in Section 3.5.1. Annexes E, I, and N-S were deemed not relevant to this research and
were excluded. These annexes primarily contain symbols specific to commercial truck-
ing operations (e.g., specialized trailer configurations) or basic shapes used for creating
new symbols. Including these would have introduced domain-specific knowledge require-
ments beyond what average drivers encounter, potentially skewing the evaluation of the
system’s utility for the intended user base. To facilitate analysis, information was first

extracted from the ISO 2575 documentation using a pipeline of computational tools in-
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Figure 3.1: Diverse selection of symbols taken from the ISO 2575 standard [16, 17].

cluding Python, Pandas, SpaCy, and PyMuPDF. This automated extraction process con-
verted the information into a machine-readable YAML format, establishing a structured

foundation for subsequent processing steps.

3.1.2 Vector Graphics Processing

Symbol vector graphics were either manually extracted from the ISO documentation or
carefully recreated using the vector graphics editor Inkscape!. These graphics were stored
in the Scalable Vector Graphics (SVG) format and were simplified and cleaned using both
Python processing and Inkscape. This cleaning procedure involved several transforma-

tions to ensure consistency and simplicity:

! https://inkscape.org/
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(i) Conversion of strokes to fills for uniform representation.

(if) Transformation of cut paths into regular paths.

(iii) Simplification or removal of style attributes.

(iv) Direct application of transforms to path definitions.

(v) Decomposition of combined paths into individual paths.

The processing pipeline significantly simplified the SVG structure, as illustrated in Fig-

ure 3.2. In SVG’s XML structure, elements like <g> serve as containers to group related

<?xml version="1.0" encoding="UTF-8"?>
<svg xmlns="http://www.w3.0rg/2000/svg" />
<defs id="defs1">
<clipPath id="clipPath1489">
<path d="m 85.219,247.983 h 68.671 .."
</clipPath>

</defs>

<g id="g1486" transform="matrix(0.2645 .."
<g id="g2191" />
<path id="path1490" d="M 0,0 H -22.9 .."

<path id="path1491" d="M 0,0 C 0.15, .."

<path id="path1493" d="m 0,0 c -0.01 .."
</g>
</svg>

/>

/>

/>
/>
/>

<?xml version="1.0" encoding="UTF-8"?>
<svg xmlns="http://www.w3.0rg/2000/svg" />
<g id="automatic-high-beam">

<path id="letter-A" d="m 15.473,8.91 .." />
<g id="high-beam">
<path id="head-light" d="m 14.366,5 .." />
<g id="light-beam">
<path id="line-1" d="m 10.027,6.0 .." />
<path id="line-2" d="m 1.941,8.73 .." />
<path id="1line-3" d="m 1.941,11.4 .." />
<path id="line-4" d="m 1.941,14.2 .." />
<path id="1line-5" d="m 9.608,16.9 .." />
</g>
</g>
</g>
</svg>

Listing 3.1: Before Processing

Listing 3.2: After Processing

Figure 3.2: Comparison of an SVG symbol’s structure before (left) and after (right) processing.
The corresponding XML code is shown for each version. Key SVG elements like <g> (group) and
<path> are visible. The transformation involves simplifying the structure, removing transfor-
mations (transform), styles (style), and clip paths (clip-path), and converting shapes into
explicit paths defined by the d attribute. Path drawing commands have been trimmed for brevity.

graphical elements, while <path> defines a shape. The geometry of a path is specified

within its d-attribute using a series of commands and coordinates. For instance, in the

processed example shown, the d-attribute contains commands such as:
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« m(moveto): Starts a new path component at coordinates relative to the current point

(e.g.,m 15.473,8.91).

« ¢ (curveto): Draws a cubic Bézier curve using control points and an endpoint, all

relative to the current point (e.g., ¢ -0.565333,2.13 -1.122,4.17).

+ Z or z (closepath): Closes the current shape by drawing a straight line from the

current point back to the start point of the current sub-path.

Many other commands exist for drawing lines (L, 1, H, h, V, v), quadratic curves (Q, q, T,
t), and arcs (A, a). The cleaning process aimed to represent shapes primarily using these
path commands, removing complexities like transformations and styles for easier analysis.
For a complete definition of SVG elements and path commands, the W3C Scalable Vector
Graphics specification provides a comprehensive reference?.

The choice of the SVG format served multiple purposes in this research. First, SVG pro-
vides a natural hierarchical structure through its XML-based representation, mirroring
the conceptual hierarchy of elements within symbols. Second, SVG enables programmatic
access to individual graphic elements, facilitating both manual annotation and potential

future automation. Third, the vector format ensures resolution independence, providing

consistent visual representation across different display environments.

3.2 Hierarchical Labeling System

A hierarchical labeling system was developed to annotate the symbols at multiple levels

of granularity, reflecting established cognitive theories of visual symbol processing, as

2 https://www.w3.org/TR/SVG11/
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previously explored in Section 2.1. The system employs SVG attributes to encode both

visual and semantic information:

(a)

(b)

(c)

The id-attribute identifies each path with a descriptive label (e.g., “wheel”).

A synonym-attribute captures potential visual synonyms or analogies for the path

(e.g., “u-shape” for “tire-cross-section”).

Additional properties such as orientation (horizontal, diagonal, vertical) and
appearance (dotted, dashed, solid) are introduced as needed and encoded as at-

tributes.

The system distinguishes between two key levels of visual representation:

()

(i)

Basic visual elements: These represent the smallest, non-divisible components of
a symbol. They include geometric primitives (lines, circles, triangles, rectangles,
etc.) and recognizable shapes that function as atomic units within the symbol sys-
tem (e.g., a stylized turtle shape or letter forms). While the identification of these
elements maintains some inherent subjectivity depending on cultural background
and domain knowledge, they represent the most fundamental units that maintain

recognizable identity within the symbol context.

Semantic units: These are meaningful groupings of basic visual elements that col-
lectively convey a higher-level concept through the application of Gestalt princi-
ples. For example, five individual lines may be grouped into a “light beam” semantic
unit, or two crossed lines might form an “X” that signifies cancellation or warning.
These units represent an intermediate level of meaning between basic elements and

the complete symbol.
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In the SVG implementation, paths represent the basic visual elements. To capture higher-
level semantic relationships, related visual elements are grouped into semantic units us-
ing SVG groups. For instance, two wheels and a trailer-bed would be contained within
a semantic group labeled “trailer”. Similar to paths, these groups can possess property
attributes of their own. At the highest level, the top-level group encompasses all seman-
tic groups and corresponds to the symbol’s official designation, such as “automatic-high-

beam”. Figure 3.3 illustrates the labeling approach as applied to symbol A.36 (“Automatic

letter-A

R
L
|
I |
|
line I —head-lamp
orient: h... I : synonym: lamp, -
appear: solid | l'.lead-llght,
I light-bulb,
I | d-shape
|

orient: horizontal
synonym: light,beam,light-rays

Figure 3.3: Graphical representation of visual elements constituting the “Automatic High Beam”
symbol.

High Beam”). The figure identifies basic visual elements including “line”, “letter-A”, and
“head-lamp”. The semantic group “light-beam” consists of five individual “line” elements
that collectively represent the light beam. For clarity, the figure presents a simplified
view; not shown are the semantic group “high-beam” (which would encompass every-

thing except the “letter-A”) and the top-level group “automatic-high-beam”.

This hierarchical structure aligns with established cognitive theories of visual symbol pro-
cessing: As Horton discusses, humans perceive and interpret symbols by first recognizing

primitive visual elements before assembling them into meaningful wholes [32]. The ap-
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proach mirrors this bottom-up processing in the tree structure of the SVGs, where paths
represent basic visual elements that, when combined into groups, form semantic units.
Gestalt psychology provides the organizational rules guiding this assembly process: The
Gestalt principles of proximity, similarity, and continuity determine how these elements
coalesce into a unified and meaningful symbol, thus explaining how humans perceive

visual elements as unified patterns rather than isolated parts [34].

—

—
(a) Proximity: “Automatic (b) Similarity: “Lane Keep- (c) Continuity: “Fuel shut-
High Beam” ing Assistance System” off”

m

or the

CC) on be-

holas Dehnen with the permission

o

Figure 3.4: Ilustration of Gestalt principles in automotive symbols. (a) Proximity: the five hori-
zontal lines are perceived as a unified light beam due to their close spatial arrangement. (b) Sim-
ilarity: the two diagonal lines are interpreted as road markings through their similar appearance.
(c) Continuity: despite being interrupted by a diagonal line, the fuel pump shape is perceived as a
complete object due to the principle of good continuation.

The application of Gestalt principles in symbol design, as illustrated in Figure 3.4, demon-
strates how these perceptual laws govern the formation of semantic units. The principle
of proximity allows multiple distinct lines to be perceived as a unified “light beam” when
positioned close together (Figure 3.4a). Similarity enables viewers to interpret parallel
diagonal lines as representing the same concept — road markings — in the stability control
symbol (Figure 3.4b). Continuity explains how observers mentally complete interrupted
forms, such as the fuel pump in the "Fuel shut-off” symbol (Figure 3.4c), despite the di-
agonal line breaking its visual continuity. These principles directly inform the semantic
grouping strategy by providing the cognitive basis for determining which basic visual

elements should be combined into meaningful semantic units.
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The labeling system reflects this cognitive process by modeling both individual elements
(e.g., “line”, “circle”) and their meaningful groupings (e.g., “light-beam”, “high-beam”). Its
design was inspired by an inspection of the data and the findings presented by Fletcher
et al. in [15], while its structure was informed by cognitive theories of visual perception

to ensure alignment with human interpretive processes.

3.3 Graph-Based Representation

To facilitate computational analysis and knowledge representation, the labeled vector
graphics were transformed into directed multi-graphs using Python and NetworkX. Dur-
ing this transformation, multiple instances of identical visual elements were consolidated
into single nodes, with instance-specific properties transferred to the connecting edges of
type CONTAINS. This approach created a hierarchical structure that mirrors how humans

perceive and interpret symbols — recognizing basic shapes that combine into meaningful

automatic-high-beam

semantic units.

head-lamp light-beam

Figure 3.5: Tree representation of the labeled symbol A.36 - “Automatic High Beam”.
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Figure 3.5 presents the same symbol as Figure 3.3 but as a tree representation that clarifies
the underlying graph structure. Notably, despite the symbol containing five separate line
elements in the light beam, the graph contains only a single “line” node with five incoming
edges from the “light-beam” node. This representation effectively captures the hierarchi-
cal nature of the labeling system: the top-level node represents the complete symbol,
internal nodes correspond to semantic groups, and leaf nodes represent basic visual ele-
ments that cannot be easily decomposed further. The following Figure 3.6 visualizes the
node consolidation procedure during the property graph generation on a low-level, using
the “line” elements and the “light-beam” semantic unit shown in Figure 3.3. Since many
symbols share common elements, properties are transferred to the edge to avoid property
conflicts within the nodes themselves. The directionality of the edges is used to indicate

that its properties apply to the target node.
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Figure 3.6: Low-level example of property transfer from nodes to edges during the property graph
generation.

In the final step of the processing pipeline, all individual directed multi-graphs were
merged into a comprehensive graph that encompasses the entire symbol set. This uni-
fied graph was exported in GraphML format for subsequent import into a Neo4j property

graph database.
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The choice of a property graph over alternative knowledge representations is supported
by research by Yakin and Totu, showing that humans mentally connect symbols to refer-
ents through associative networks rather than strict taxonomies [26]. By enabling prop-
erties on edges and nodes, the model can capture the nuanced relationships that Silven-
noinen et al. identified as crucial for reducing semantic distance in icon interpretation
[40]. And unlike conventional RDF graphs, the property graph model offers flexibility
in representing complex relationships while supporting efficient querying through the
Cypher query language. This capability is essential for capturing the rich semantic at-

tributes described in Section 3.2.

Furthermore, this structured approach enables transparent reasoning chains that can be
presented to users, addressing limitations of black-box Large Language Models (LLMs)
in safety-critical contexts. Unlike end-to-end neural approaches that might struggle with
the semantic gap (cf. [4]), this explicit modeling of visual components and their seman-
tic relationships facilitates more explainable reasoning. The multi-level graph structure
— connecting basic visual elements to semantic groups to complete symbols — enables
querying at different levels of abstraction, from low-level visual features (“symbols with
circles”) to high-level semantic concepts (“warning indicators for the brake system”). This
capability is crucial for bridging what Bahmanyar et al. termed the “linguistic semantic
gap” between user descriptions and formal representations [42]. The following section
details how this graph representation integrates with language model capabilities to cre-

ate a complete symbol interpretation system.
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3.4 Proposed System

The proposed system integrates property graph database capabilities with language model
intelligence to effectively interpret and respond to user queries about dashboard symbols.
This integration leverages the complementary strengths identified by Tao et al.: the fac-
tual grounding of knowledge graphs and the linguistic flexibility of language models [84].

As illustrated in Figure 3.7, the system architecture employs a multi-stage approach that

Visual Element Cypher Query .
User Quer uery Execution
Q y
A
: - Query
: g ety Clept Refinement

Clarification

Success Failure
User Response Respon.se Process /7\
Generation Results NG

Figure 3.7: Architecture of the proposed system.

utilizes the property graph database described in Section 3.3 to retrieve relevant symbols
based on visual characteristics, coupled with a language model for query interpretation

and response generation.

When a user submits a query (e.g., “What is the symbol which has a circle and an excla-

mation mark in it?”), the system processes it through the following steps:

1. Knowledge Retrieval: All relevant visual element names, properties, and visual

LY

synonyms are retrieved from the property graph (e.g., “circle”, “exclamation-mark”).

2. Query Translation: The user query, alongside retrieved element names and visual
synonyms, is passed to an LLM. The LLM interprets the natural language query and

translates it into a structured Cypher query as seen in the following example:
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1 MATCH (symbol {type: "symbol"})-[:RELATED*]->(element1)
WHERE elementl.id CONTAINS "exclamation-mark" OR element1.id CONTAINS "
exclamation-point"
s MATCH (symbol)-[:RELATED*]->(element2)
+  WHERE element2.id CONTAINS '"circle"

RETURN DISTINCT symbol.id

3. Query Execution: The generated Cypher query is executed against the property
graph database to retrieve visual element sub-trees and further information such as

functional knowledge for all matching symbols.

4. Query Refinement: If the query execution fails - either due to syntax errors or
no matching results — the system implements an adaptive retry mechanism:
(a) The query and error message are fed back to the LLM.

(b) The LLM either corrects syntax errors or relaxes query constraints to broaden

the search.
(c) A single retry attempt is made with the refined query.
5. Response Generation: Finally, the LLM processes the query results to generate
an appropriate response:

(a) If an unambiguous match is found, the system provides a definitive answer.

(b) If multiple potential matches exist, the system formulates a clarification ques-

tion to disambiguate.

(c) Ifno results are returned or none match the original query criteria, the system
informs the user about this and attempts to make an educated guess based on

available knowledge.
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This example demonstrates how the system leverages both structured knowledge and
natural language understanding to interpret ambiguous queries and provide contextually

relevant information.

For the language model component, Google’s Gemini 2.0 Flash was selected due to its
balanced performance characteristics: competitive pricing ($0.1/M input tokens, $0.4/M
output tokens), low latency (time to first token® of 0.52s), and high throughput (112.6 to-
kens/ s)4. While no official information about the model size is available, analysts estimate

it to be significantly smaller than 70 billion parameters.

The combined architecture provides several key benefits: accurate symbol identification
through structured knowledge representation, natural explanations through language model
capabilities, and reduced hallucinations by grounding responses in the knowledge graph.
Additionally, the query refinement mechanism enables the system to handle imperfect

initial queries through an iterative improvement process.

To properly evaluate this system’s effectiveness, a diverse collection of realistic user queries
is essential. The following section details the approach to gathering both human and syn-
thetic, machine-generated questions, that capture the variety of ways users might inquire

about symbols, ranging from purely visual descriptions to semantically rich inquiries.

3.5 Question Collection

To establish a comprehensive evaluation framework for the proposed system, a multi-

faceted corpus of questions was collected through two complementary approaches: direct

? Refer to https://docs.nvidia.com/nim/benchmarking/llm/latest/metrics.html for a detailed description of
common LLM inference metrics (Retrieved 03/01/2025, archived).

* https://openrouter.ai/google/gemini-2.0-flash-001 (Retrieved 03/03/2025, archived)

> https://x.com/Artificial Anlys/status/1867292015181942970 (Retrieved 03/03/2025, archived)
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sampling from human participants and algorithmic generation using LLMs.

3.5.1 Human Questions

A total of six human participants were recruited from the local university campus without
compensation. All participants were North American, aged between 21-29, and in posses-
sion of a driver’s license. 20 symbols were hand-picked from the dataset, with a deliberate
bias towards safety-critical symbols and symbols from the tell-tale category (i.e., symbols
which would appear as lights on the dashboard). This bias was implemented by selecting
more symbols from ISO 2575 Annex K and L (“Active and passive safety systems” and
“Security”). The symbols are shown in Figure 3.1 in the previous Section 3.1.1. Each par-
ticipant was presented with all 20 symbols and asked to formulate a question about the
meaning of each symbol. Participants were instructed to phrase their questions as they
would when speaking to a voice assistant (e.g., Google Assistant or Siri) on their phone,
keeping their queries concise. In total, 120 human questions were collected. Prior to use
in the experiments, all human questions were proof-read to correct minor typing mis-
takes. Example questions from human participants demonstrate the diversity of potential

queries to be answered in an in-the-wild environment:

« Visual-focused: “Why is there a symbol with two cars, a star-like symbol, and an

arrow pointing from the rear car towards the other car?”
« Function-oriented: “I see a car and lock symbol. What does it mean?”

« Context-driven: “Should I be concerned when a person wearing a seatbelt with

an X symbol appears on my dashboard?”
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« Action-seeking: “Does the turtle in a circle symbol mean anything significant, and

should I do anything about it?”

The rationale behind this question collection approach was twofold: First, focusing on
safety-critical symbols and telltales aligns with research by Friedrich et al., who demon-
strated that warning and status icons typically have the highest semantic distance, making
them the most challenging for users to interpret without assistance [41]. Second, regard-
ing participant sampling, six participants were deemed sufficient for question collection,
as this sample size is in line with Nielsen’s finding that approximately five users can un-

cover the majority of usability patterns in formative research [103].

3.5.2 Synthetic Question Generation

Additionally, ground truth of visual elements from the dataset was used to generate syn-
thetic questions. Five different LLMs (Claude 3.5 Haiku, Gemini 2.0 Flash, GPT-40 mini,
Llama 3.3 70B Instruct, and Qwen2.5 72B Instruct) were provided with the ground truth
visual element decomposition, including the visual synonyms for the individual elements.
The LLMs were instructed, in the same way as human participants, to ask questions about
the visuals of the symbol. They were additionally encouraged to come up with their own
synonyms for some of the elements, increasing the variability in the resulting questions.
The full text of the prompt utilized for the synthetic question generation is provided in
Appendix A.1. LVLMs were not used for this purpose, as Fletcher et al. has shown that
these models struggle with properly interpreting abstract icon images [15]. Where models
had multi-modal capabilities (Gemini 2.0 Flash, GPT-40 mini), only text input was utilized.
Out of a targeted 600 synthetic questions (five times the size of the human question set)

about randomly sampled symbols, a total of 533 were generated. The reason for this dis-
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crepancy lies in models not honoring the instructions at all times. While the structured
outputs feature was utilized, which allows to enforce a JSON output adhering to a certain
schema, the implementation and support for schema validation differs. OpenAl models
do not support the minItems and maxItems keywords, used to ensure a certain number
of array elements®, and Anthropic’s models (i.e., the Claude family of models) do not sup-
port structured outputs at all, resulting in a mismatch between the desired and obtained

amount of questions.

6 “Structured Outputs — OpenAl API” (Retrieved on 03/01/2025, archived)

43


https://platform.openai.com/docs/guides/structured-outputs#some-type-specific-keywords-are-not-yet-supported
https://archive.org/details/structured-outputs-open-ai-api-march-01-2025

Chapter 4

Experimental Setup

This chapter outlines the comprehensive experimental framework developed to evaluate
the proposed symbol decomposition and reasoning system. The following subsections
describe the curated dataset of consumer road vehicle symbols, the selection of state-of-
the-art baseline models, and an ablation study designed to isolate the contribution of the
graph-based knowledge representation. Additionally, both automatic and human evalu-
ation metrics are detailed, employed to thoroughly assess the system’s performance and

robustness.

4.1 Datasets and Symbols

As discussed in Section 3.1.1, only annexes with relevance to consumer road vehicles were
included in this research. These annexes reduced the space of symbols by 90, decreasing
the total number to 296. On average, each symbol in the dataset contained 2.85 semantic

groups, and 5.78 basic visual elements.

Figure 4.1 shows a plot of the property graph contained in the Neo4;j database after de-
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Figure 4.1: Property graph of decomposed symbols, visualization restricted to Annex A of ISO
2575 and limited to 750 relationships.
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composition, labeling, and translation into a graph-based representation, as laid out in
Section 3.1, 3.2, and 3.3; limited to Annex A for brevity. Notable are the clusters in the

center of the graph, which represent edges between line, light, and lamp nodes.

4.2 Baseline Systems

At present, to the best of available knowledge and research efforts, no knowledge bases
or other systems exist that can decompose symbols or other abstract imagery into their
individual elements for reasoning over those elements. Additionally, no systems are spe-
cialized in answering questions about the visual features of abstract imagery, such as
symbols. Therefore, recent LLMs were selected as the most suitable baseline for com-
parison, relying on the inherent knowledge and the extensive training data these models
are trained on to provide a comparison to the proposed system. VLMs were not used, as

previously discussed in Section 3.5.2.

Author Name Year Size

Anthropic Claude 3.5 Haiku 2024 ?
Google Gemini 2.0 Flash 2025 ~70B!

OpenAl  GPT-40 mini 2024 ~40B?
Meta Llama 3.3 2024 70B
Qwen Qwen2.5 2024 72B

Table 4.1: Summary of baseline models used.

Table 4.1 shows all baseline models used, as well as their model size in number of param-
eters, if known. Sizes for Gemini 2.0 Flash and GPT-40 mini are numbers estimated by Al

analysts and are only provided for reference. To access the baseline models in a unified

! See footnote in Section 3.5.2.
2 https://x.com/oscarle_x/status/1874516567381487724 (Retrieved 03/03/2025, archived)
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way, the OpenRouter® platform was used. OpenRouter acts as an API aggregator, sim-
plifying integration compared to managing individual APIs and offering a cost-effective

alternative to running larger open-source models like Llama or Qwen locally.

All baseline models were instructed to function as in-vehicle assistants that help users
with visual questions about symbols. Provided with a user question, models were prompted
to respond with either a confident answer (providing a concise explanation) or a request
for clarification (when multiple interpretations were possible). Models were additionally
provided with five example question-answer pairs. The prompt emphasized clear, con-
cise language and strict adherence to the output format, ensuring consistent interaction
across all models. The full text of the prompt utilized for question answering is provided

in Appendix A.2.

4.3 Ablation Study

To evaluate the contribution of the property graph-based knowledge representation to
overall system performance, a standard retrieval-augmented generation (RAG) approach
was implemented as an ablation condition. This experiment was conducted to determine
whether conventional document retrieval with large language models could achieve com-

parable results to the proposed graph-based system.

The RAG pipeline was implemented using the Unstructured* Python library for document
processing and the Sentence Transformers® library for semantic retrieval. The ISO 2575
standard document was processed with Unstructured’s “by_title” chunking strategy, cre-

ating chunks of approximately 2000 characters that preserved document structure. Em-

% https://openrouter.ai/
* https://github.com/Unstructured-IO/unstructured
> https://github.com/UKPLab/sentence-transformers
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beddings were generated using the Snowflake Arctic Embed L v2.0 model, which created
vector representations of both document chunks and user queries. At the time of writing,
this model was among the top 10 models in the Huggingface Massive Text Embedding

Benchmark® (MTEB) benchmark.

For each question, the top three most relevant chunks were retrieved based on cosine sim-
ilarity between the query embedding and chunk embeddings. To provide comprehensive
multi-modal information, corresponding page images were extracted from the PDF doc-
ument using the pdf2image library at 150 DPIL Both the textual context and page images
were then provided to the language models along with the user’s question. This process
aimed to mimic the way OpenAI’s models search and utilize PDF documents whenever

they are uploaded through the ChatGPT web-interface’.

The experiment was conducted using the human questions dataset to facilitate direct com-
parison with the main study results. Due to the multi-modal nature of the task (requiring
image processing capabilities), certain baseline models were replaced with their multi-

modal variants:

+ Claude 3.5 Sonnet replaced Claude 3.5 Haiku
+ Llama 3.2 90B Vision Instruct replaced Llama 3.3 70B Instruct

« Qwen 2.5 VL 72B Instruct replaced Qwen 2.5 72B Instruct

It should be noted that Claude 3.5 Sonnet and Llama 3.2 90B Vision Instruct are consid-
ered more capable than their counterparts in the main experiments, potentially favoring
the ablation condition for these specific models. All models were accessed through the

OpenRouter API to maintain consistency with the baseline evaluation methodology.

¢ https://huggingface.co/spaces/mteb/leaderboard
7 https://platform.openai.com/docs/assistants/tools/file-search (Retrieved 03/10/2025, archived)
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4.4 Evaluation Metrics

The evaluation strategy employed automatic metrics as well as human assessments to ex-
amine both quantitative and qualitative dimensions of system performance. Automatic
evaluation utilized established NLP metrics and recent LLM-as-a-Judge based approaches,
while human evaluation ensured insights into practical user-perceived accuracy and clar-
ity. These complementary methods collectively ensured a comprehensive analysis of the
proposed system. Given the inherently open-ended and subjective nature of question-
answering tasks, purely automatic metrics can be inadequate in capturing nuanced as-
pects of response quality. Thus, human evaluation was incorporated to complement au-
tomatic measures, providing insights into how clearly and accurately the systems’ ex-
planations align with human judgment. This combined evaluation approach ensured the

assessment remained robust and aligned with real-world usability considerations.

4.4.1 Automatic Evaluation

Multiple complementary metrics were employed in order to assess the quality of the gen-
erated answers. LLM-as-a-Judge [104, 105] leverages LLMs to evaluate responses based
on criteria such as accuracy, helpfulness, and safety without requiring reference answers.
For the experiments in this thesis, three LLMs (Llama 3.3, Gemini 2.0 Flash, and GPT-40
mini) were used to directly assess recall and precision for each answer, resulting in an av-
eraged “LLM Committee” score. The full text of the prompt utilized for LLM-based scoring
is provided in Appendix A.3. BERTScore [106] computes token-level similarity between
candidate and reference explanations using contextual embeddings, capturing semantic
similarity better than lexical approaches. METEOR [107] balances precision and recall

while accounting for synonyms, stemming, and word order. ROUGE-1 [108] measures
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unigram overlap between generated explanations and references, while ROUGE-L identi-
fies the longest common subsequence, capturing word order sensitivity and allowing for
subsequence matches. This multi-metric approach provides a comprehensive assessment

of both semantic accuracy and linguistic quality of the symbol explanations.

Initially, the use of BLEU [109] was explored, but it was found unsuitable for the task, as
it yielded near-zero scores across all models due to limited n-gram overlap at the sentence
level. This limitation is consistent with findings that BLEU performs poorly for tasks with

high linguistic variability in valid responses [110-112].

4.4.2 Human Evaluation

To complement the automatic metrics, a human evaluation study of 50 question and their
respective answers was conducted with six participants. Each participant assessed 25
question-answer pairs within a 20-30 minute session. An approximate Balanced Incom-
plete Block Design (BIBD, cf. [113]) was employed to determine which samples each

participant would rate. Specifically, the goal was to ensure that:

1. Each of the v = 50 items (question-answer pairs) was rated by r = 3 different

participants;
2. Each of the b = 6 participants rated exactly k = 25 items;
3. The total number of “item-slot” assignments satisfied v xr = b x k.

Thus, from a purely combinatorial perspective:

vxr = 50x3 = 150 and bxk = 6x25 = 150.
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These conditions guaranteed that each item appeared the required number of times (three)
and that each participant rated the required number of items (25). A perfect BIBD further
requires that each pair of distinct items co-occur in exactly A blocks, where A is an integer
satisfying the standard BIBD identity of r(k — 1) = A(v — 1). In this setup, plugging in

r =3,k =25,and v = 50 yields

3x(25—-1) = 3x24 =72, v—1 =49, A = %%1.469,
which is not an integer. Therefore, this design is not a strict BIBD but an approximate
incidence design that meets the practical requirements: every question-answer pair re-
ceives exactly three ratings, and each participant sees exactly 25 pairs. There was no way

to perfectly balance pairwise co-occurrences under these parameters.
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Figure 4.2: Visualization of the 50 x 6 incidence matrix used for the approximate BIBD. Rows rep-
resent participants, and columns represent samples. Filled squares indicate that a particular par-
ticipant rated that item.

Implementation of the assignment was performed by a backtracking algorithm over a 50x6
incidence matrix, which is shown in Figure 4.2. Additionally, the order of the samples, as
well as the order of the responses for each sample was randomized, to offset any potential
order effects. During the study, participants were shown the dashboard symbol image,

the corresponding question, the ground truth description, and anonymized answers from
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different systems. For each explanation, participants rated the overall answer quality on
a five-point Likert scale (1 = poor, 5 = excellent), focusing on how accurately and clearly

it conveyed the symbol’s function.
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Chapter 5

Results

In this chapter, the results of the proposed system’s performance are presented and com-
pared with several baseline LLMs. The analysis begins with an illustrative example demon-
strating the system’s approach to symbol identification, followed by a detailed evaluation
of overall question-answering capabilities using automated metrics. Furthermore, human
evaluation results are provided, highlighting the practical utility of the proposed method
from a user perspective. The chapter concludes with examinations of performance differ-
ences between human and synthetic questions, the effectiveness of clarification questions,
insights gained from an ablation study assessing the impact of the structured knowledge
representation, and an analysis of the failure modes of the proposed system and the base-

line models.

5.1 Illustrative Example

Table 5.1 presents a representative example of the answers given by the proposed sys-

tem compared to the baseline LLMs for the user question “What does the symbol of a
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horizontal line and three wavy arrows pointing up mean?”, accompanied by their respec-

tive LLM-as-a-Judge committee scores!. The question asked about the “interior-heating”

Model Answer (abbreviated) F1
Proposed System The symbol indicates the interior heating system. 0.91
GPT 40-mini The symbol represents the heated steering wheel function.  0.42
Claude 3.5 Haiku This symbol typically indicates a heated steering wheel func- 0.42

tion.
Gemini 2.0 Flash  This symbol indicates the rear window defroster is active. 0.36
Qwen 2.5 72B The symbol indicates the air conditioning or climate control 0.08

system is active.

Llama 3.3 70B The symbol [..] typically indicates the Rear Fog Lamp. 0

Table 5.1: Answers and LLM Committee F,-scores for the human question: “What does the symbol
of a horizontal line and three wavy arrows pointing up mean?”.

symbol (ISO 2575: Symbol D.03), previously shown in the first row of Figure 3.1. The

proposed system translated this question into the following Cypher query:

MATCH (symbol {type: "symbol"})-[:RELATED*]->(elementl)

WHERE element1.id CONTAINS "line"

MATCH (symbol)-[:RELATED*]->(element2)

WHERE element2.id CONTAINS "arrow-up" OR element2.id CONTAINS "arrows"

RETURN DISTINCT symbol.id

This query retrieved a total of five potentially relevant symbols, including “heated-steering-
wheel”, “interior-heating”, “head-lamp-leveling-control”, “turn-signals”, and “turn-signals-
trailer”. However, by accurately interpreting the user’s description of a “horizontal line”
and “wavy arrows pointing up”, the system correctly identified “interior-heating” as the
intended symbol, achieving a significantly higher Precision (0.96), Recall (0.86), and F;-

score (0.91) than all baseline models.

! From here on referred to as “LLM Committee” scores.
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In contrast, the baseline LLMs, relying primarily on their pre-trained knowledge without
explicit symbol decomposition, exhibited significantly lower performance. GPT-40 mini
and Claude 3.5 Haiku incorrectly identified the symbol as representing the “heated steer-
ing wheel”, highlighting their susceptibility to visually similar but semantically distinct
symbols. This error shows a fundamental limitation in processing subtle visual variations
within the realm of abstract symbol representations: While numerous symbols share com-
mon visual characteristics, the absence or presence of specific elements can significantly
impact their interpretation. In this case, the difference between the “interior-heating” and
the “heated-steering-wheel” symbol lies in the omission of the horizontal line, and the ad-
dition of a steering wheel. The other baseline models showed even weaker performance,
demonstrating that this symbol, and by extension the domain of understanding implicit
visual descriptions in questions about symbols, poses significant challenges. Gemini 2.0
Flash answered with rear window defroster, Qwen 2.5 with the air conditioning, both of
which are at least somewhat related to heating, while Llama completely failed. These re-
sults, consistent with broader trends observed throughout the evaluation, emphasize the
importance of structured knowledge representation and explicit reasoning capabilities for

accurate and reliable symbol interpretation, especially in safety-critical contexts.

5.2 Question Answering

Figure 5.1 presents the evaluation results for question answering, comparing the pro-
posed system against several baseline models across multiple metrics. The proposed sys-
tem demonstrated better performance across all metrics compared to the baseline models.
Specifically, the proposed system achieved an LLM Committee F;-score of 0.693, consid-

erably higher than the best-performing baseline, Qwen 2.5 72B, which scored 0.256. This
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substantial performance difference was consistent across most evaluation metrics, includ-
ing ROUGE-1, ROUGE-L, and METEOR. BERTScore showed a less pronounced, though
still significant, difference between the proposed system and the baselines. This observa-
tion aligns with prior research by Fletcher et al., which found that the BERTScore metric
tends to exhibit smaller performance gaps in the domain of abstract symbol understand-
ing [15]. Detailed results for all models and metrics are provided in Table B.1 and broken

down by synthetic/human questions in Tables B.2 and B.3 in Appendix B.
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Figure 5.1: Performance comparison of the proposed system against the five baseline LLMs across

different evaluation metrics. Error bars show +1 SE.

An omnibus test [114] revealed that the data were not normally distributed. Thus, a
non-parametric Friedman test was performed to assess the effect of model type on the

LLM Committee F;-scores. The test revealed a statistically significant effect (y2(5) =
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107.549,p < .001), with Kendall’s W = 0.398, indicating a moderate to strong effect
size [115]. Subsequent post-hoc analysis, employing Wilcoxon Signed-Rank tests with
Holm-Bonferroni correction, confirmed that the proposed system outperformed all base-

line models across all pairwise comparisons (all p < .001).

The higher performance of the proposed system can be attributed to its knowledge-grounded
architecture. This allowed for more precise query interpretation and retrieval of relevant
information, leading to accurate and informative answers, as shown in the previous Sec-
tion 5.1. The baseline LLMs, lacking this explicit symbol knowledge, often struggled to
correctly interpret the user’s query or provide relevant information, resulting in lower
scores across all metrics. The use of Cypher query refinement, described in section 3.4,
additionally contributed to the robustness of the proposed approach, enabling it to recover

from initial query failures and improve retrieval accuracy.

5.3 Human Evaluation

To assess the real-world utility of the proposed system from a user-centered perspective,
a human evaluation was conducted using the same twenty ISO 2575 symbols shown in
Figure 3.1. Human raters were asked to evaluate the quality of answers provided by each

model on a 5-point Likert scale.

Figure 5.2 displays the average ratings across all models. The proposed system achieved
a mean rating of 4.56 on the 5-point Likert scale, while baseline models received consid-
erably lower scores ranging from 2.32 to 2.51 (GPT-40 Mini: 2.35, Gemini 2.0 Flash: 2.51,

Qwen 2.5 72B: 2.32, Claude 3.5 Haiku: 2.33, Llama 3.3 70B: 2.33).

To determine whether these differences were statistically significant, a Kruskal-Wallis H
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Figure 5.2: Mean human evaluation ratings on a 5-point Likert scale. Error bars show +1 SE.

test was conducted, appropriate for ordinal Likert scale data. The test revealed a sig-
nificant effect of model type on human ratings (H(5) = 183.53,p < 0.001). Subsequent
pairwise comparisons using Dunn’s post hoc test confirmed that the proposed system was

rated significantly higher than all baseline models (all p < 0.001).

Figure 5.3 provides a more granular view of performance across the 20 tested ISO 2575
symbols. The heat-map reveals that the proposed system was rated higher than baseline
models for 19 of the 20 symbols, with ratings typically between 4 and 5. The most no-
table exception was symbol K.10 (“Low Tire Pressure”), where baseline models achieved
comparable or slightly higher ratings. Analysis of the questions for this particular symbol
revealed that the collected human questions frequently used visual analogies not present
in the symbol decomposition property graph (e.g., describing the symbol as a “wide circle

with treads” or a “partially open vase”). Since the evaluation sample contained multi-
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Figure 5.3: Heat map of human evaluation ratings across ISO 2575 symbols.
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ple instances of these questions with unexpected analogies, the knowledge graph queries
failed to identify the intended symbol. This resulted in the system generating clarification

questions rather than direct answers, leading to lower ratings for this specific symbol.

The performance advantage across diverse symbols suggested robustness in the hierar-
chical decomposition approach described in Sections 3.1 and 3.2. Even for symbols where
baseline models performed reasonably well (such as symbols A.36, H.05, ].14, and M.08),
the proposed system maintained higher ratings, indicating better perceived accuracy and
helpfulness. The exception case (K.10) highlighted a limitation of the current implemen-
tation — the system’s sensitivity to the completeness of the symbol decomposition in the
knowledge graph when handling novel visual analogies not anticipated during the manual

annotation process described in Section 3.2.

These human evaluation results complement the automated metrics presented earlier,
providing a user-centered perspective that confirmed the effectiveness of the proposed
system’s approach to interpreting and responding to symbol-related queries. The con-
sistent pattern of higher ratings suggest that the property graph-based representation
combined with LLM-based query translation offers advantages over approaches that rely

solely on pre-trained knowledge.

5.4 Performance by Question Set

To investigate the effect of the question source on the model scores, performance on
questions collected from humans was compared against synthetically generated ques-
tions. Figure 5.4 illustrates the mean LLM Committee F; scores for each model across

both question sets.
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Figure 5.4: Comparison of the LLM Committee F;-scores between human and synthetic questions.
Error bars show +1 SE.
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The results revealed a surprising, yet consistent trend across all models: performance on
human questions exceeded that on synthetic questions. The proposed system consistently
achieved higher F; scores on human questions (F; = 0.736) than on synthetic questions
(F1 = 0.684). This pattern was also observed for all baseline models. For example, GPT-40
Mini’s F;-score was 0.339 on human questions, decreasing to 0.225 on synthetic ques-
tions. Gemini 2.0 Flash exhibited a similar reduction from 0.325 to 0.212. Descriptive
statistics confirmed this overall trend. The mean F; score across all models and metrics
was higher for human questions (M = 0.381) than for synthetic questions (M = 0.313).
The standard deviation was also slightly higher for human questions (SD = 0.355) com-
pared to synthetic questions (SD = 0.300), indicating somewhat greater variability in
performance on the human-generated data. A Mann-Whitney U test comparing over-
all scores on both datasets, chosen due to non-normal data distribution (confirmed by
an omnibus test) and unequal sample sizes, revealed a statistically significant difference

(U = 657803.0, p < 0.005).

Further analysis, using pairwise Mann-Whitney U tests to examine the effect of question
source for each model individually, revealed a significant effect for the proposed system
(U = 25148.5,p < 0.001), GPT-40 Mini (U = 14841.0,p < 0.005), and Gemini 2.0 Flash (U =
17109.5, p < 0.05), indicating that the decrease in F; scores between human and synthetic
question sets was statistically significant for these models. However, for Qwen 2.5 72B
(U = 21996.0, n.s.), Llama 3.3 70B (U = 12949.0, n.s.), and Claude 3.5 Haiku (U = 22859.0,

n.s.), the effect was not statistically significant.

This performance difference suggests that the synthetic questions, while intended to repli-
cate human queries, presented a different, and potentially more challenging, distribution

of linguistic expressions and question structures. This finding highlights the importance

62



of evaluating question-answering systems on a variety of question sets, including both
natural, human-generated queries and systematically constructed synthetic ones. Fur-
thermore, the lack of significant differences for some baseline models may indicate that
these models were less sensitive to the specific distinctions between these two input types,
possibly due to their overall lower performance levels. The differences between synthetic

and human questions will be qualitatively investigated in the following Section 5.5.

5.5 Analysis of Questions Structure

This section examines the performance difference between human-created and synthet-
ically generated questions. Twenty questions were randomly selected from each set for

comparison and analyzed manually.

Human-collected questions consistently employed intuitive, object-based comparisons
when interpreting unfamiliar symbols, aligning with Gentner and Smith’s findings on
analogical reasoning [7]. For instance, humans combined basic shapes with familiar
analogies (e.g., “What does the symbol that looks like a sideways ice cream cone over
a wavy line mean?”). Synthetic questions, however, provided detailed descriptions based
primarily on visual elements (e.g., “What does this dashboard light with two diagonal
lines and one horizontal line along with a letter ‘P’ mean?”). This distinction reflects the
semantic gap described by Bahmanyar et al. between visual elements and their interpreta-
tions [4, 42]. The symbol decomposition methodology proposed in Section 3.1 attempted

to systematically capture this hierarchy of visual elements and semantic units.

Synthetic questions also exhibited greater length (averaging 22.2 words versus 16.8 for

human questions) and syntactic complexity, often containing embedded clauses and mul-
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tiple descriptive elements. For example, synthetic questions frequently enumerated mul-
tiple components (e.g., “Why does my dashboard show a light beam symbol with five
horizontal lines, a wiper icon with a diagonal line and a dot..”), while human questions
were more concise (e.g., “What does the oil pan with a thermometer inside it mean?”).
This increased verbosity likely resulted in higher cognitive processing demands for the
models, potentially causing confusion in symbol identification. This is consistent with
findings by Johnson et al., who showed that when questions become more syntactically
and semantically complex — requiring the model to track multiple objects, relationships,

and attributes — model performance degraded noticeably [116].

Additionally, there were differences in how each question type prioritized information.
Synthetic questions often exhaustively listed visual elements, sometimes including non-
essential features. Human questions, however, focused on distinctive features that make
symbols recognizable (e.g., “What does the symbol with a star above and an arrow below
pointing left with two cars mean?”). This approach aligns with findings from Isherwood
et al. and Mcdougall et al. on icon interpretability [38, 117], suggesting that identifying

distinctive features is more valuable than exhaustive descriptions.

The proposed graph-based representation (Section 3.3) captured both fine-grained visual
elements and higher-level semantic groups. The performance advantage of human ques-
tions suggests that models generally utilize semantic groupings more effectively than de-
tailed visual decompositions. For example, the proposed system returned an uncertain
response on 21.2% of all questions in the synthetic question set, compared to only 16.7%
on the human question set. This also supports Chi and Dewi’s research on how familiar
reference points influence symbolic interpretation [30]. While the hierarchical labeling

system introduced in this work already accommodated both levels, future refinements
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could strengthen connections between them to better support intuitive descriptive pat-

terns.

The performance discrepancy furthermore has important implications for VQA systems
in general. Though synthetic question generation offers advantages in terms of scalabil-
ity and cost, current approaches have limitations. The findings highlight the challenges
identified by Fletcher et al. regarding VLMs’ difficulties with abstract iconography [15].
Improving synthetic generation to better mimic human question patterns - using famil-
iar analogies, focusing on distinctive features, and employing simpler structures — could

potentially reduce this performance gap.

More broadly, this discrepancy highlights a key challenge in Al evaluation: synthetic
benchmarks may not accurately reflect real-world usage patterns. For safety-critical ap-
plications, as often present in the automotive industry, this distinction becomes particu-
larly relevant given the serious consequences of symbol misinterpretation [1]. As such,
future work may focus on developing more natural synthetic question generation meth-
ods and include more diverse human participants to capture cultural variations in how

people describe symbols.

5.6 Use of Clarification Questions

The analysis of when models required clarification provides additional insights into sys-
tem behavior. Figure 5.5 illustrates the distribution of clarification questions across mod-
els as a percentage of total clarifications observed. As shown in the pie chart, the base-
line models exhibited varying tendencies to ask clarification questions, with GPT-40 Mini

(28.3%), Llama 3.3 70B (23.3%), and Gemini 2.0 Flash (21.9%) requesting clarifications most

65



Proposed System

Gemini 2.0 Flash
Qwen 2.5 72B

Claude 3.5 Haiku

Llama 3.3 70B
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Figure 5.5: Proportion of clarification questions generated by each model.

frequently. In contrast, the proposed system accounted for only 12.0% of all clarifications,

with Qwen 2.5 72B (8.2%) and Claude 3.5 Haiku (6.3%) requiring the fewest clarifications.

It is important to note that this distribution should not be interpreted as a direct perfor-
mance indicator. In the proposed system, clarification questions were systematically gen-
erated when multiple potential symbol matches were identified in the knowledge graph, as
described in Section 3.4. This represented a deliberate design choice rather than model un-
certainty. Baseline models, lacking this structured knowledge representation, may have
asked clarifications for different reasons, including general uncertainty or lack of knowl-
edge about abstract symbols. An example of the difference in precision of clarification

questions between the models is given in the following Figure 5.6.

Figure 5.7 presents the relationship between model performance and whether clarification
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Clarification Questions

Proposed System: “Several symbols relate to driving
ahead. Is the symbol showing a car with skid marks, a car
between dashed lines, a car possibly crashing, or a night
scene?”

Gemini 2.0 Flash: “To best assist you, I need more infor-
mation about the symbol. Could you describe the symbol
in more detail, or tell me what the symbol looks like?”

. . <« . .
Copied by Nicholas Dehnen with the GPT 40-mini: “Can you describe any specific features of

permission of the Standards Coun- the symbol, such as colors or additional elements?”
cil of Canada (SCC) on behalf of

. (43 . .
ISO. The standard can be purchased Claude 3.5 Haiku: ‘I cannot confidently identify the spe-
from the national ISO member in your ifi bol d ibi Could id
country or the 15O Store. Copyright cific symbol you are describing. Could you provide more
remains with 1SO. details about what the symbol looks like, such as its color,

shape, or other visual elements?”

Figure 5.6: Clarification questions asked by the proposed system and three baseline models for the
user question: “This symbol looks like I should be concerned about driving ahead. Is that
true?”. The question asks about the “Stability Control System” symbol (J.14) shown on the left.
Only models which responded with clarification questions are included.

was required. Across all models, performance was higher when no clarification was re-
quired. The proposed system maintained a higher F; scores in both scenarios, though the
difference was much more pronounced when clarification was not required. This aligned
with the system design, where clarification questions are asked specifically when symbol

identification was ambiguous.

It should be noted, however, that these metrics aren’t directly interpretable in terms of
performance. Analyzing the effectiveness of clarification questions requires a thorough
and methodological approach, and was not conducted as part of this thesis. The compar-
ative performance on questions requiring clarification was influenced by several factors.
First, the sample sizes differed substantially between models, with baseline models asking
clarification questions in different scenarios than the proposed system. Second, the pro-

posed system’s clarification questions were triggered by specific conditions in the knowl-
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Figure 5.7: Comparison of LLM Committee F;-scores between direct answers and clarification
questions Error bars show +1 SE.

edge retrieval process, while baseline models may have asked clarifications due to general
uncertainty about abstract symbols. This fundamental difference in when clarifications

were triggered limits the validity of direct performance comparisons in these cases.

5.7 Ablation Study

An ablation study was conducted to assess the relative contribution of the property graph-
based knowledge representation to overall system performance. This study implemented
a conventional retrieval-augmented generation (RAG) approach that replaced the struc-
tured knowledge graph with direct document retrieval, providing relevant text chunks
and images from the ISO 2575 standard to the baseline models. Figure 5.8 presents a com-

parison of model performance between the regular baseline approach and the RAG-based
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Figure 5.8: Comparison of LLM Committee F;-scores between proposed system and RAG-based
ablation. Error bars show +1 SE.

ablation condition. The results revealed mixed effects across different models. GPT-40
Mini showed slight improvement in the ablation condition (F; = 0.38 vs. 0.34), while
Gemini 2.0 Flash exhibited decreased performance (F; = 0.24 vs. 0.32). Qwen and Claude
models showed minimal differences between conditions. Statistical analysis using Mann-
Whitney U tests revealed no significant differences between regular and ablation condi-
tions for any combination of baseline models (all p > 0.25). Similarly, the overall com-
parison across all models yielded non-significant results (U = 28144.5, n.s), with mean F;
scores of 0.38 for regular conditions and 0.31 for ablation conditions. These findings sug-
gest that the addition of retrievable context and images did not substantially alter model

performance.

Notably, the proposed system maintained substantially higher performance (F; = 0.74)
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than all ablation variants. This performance gap indicates that the structured knowledge
representation and reasoning capabilities provided by the property graph approach offer
advantages beyond what can be achieved through simple retrieval and context augmenta-
tion. A striking difference observed in the ablation study was the marked increase in un-
certainty exhibited by the baseline models when provided with additional context. Models
in the ablation condition produced uncertain responses or clarification questions at dra-
matically higher rates: Claude 3.5 Sonnet (85%), Llama 3.2 (84%), Gemini 2.0 Flash (80%),
GPT-40 Mini (66%), and Qwen 2.5 VL (64%). This contrasts sharply with the proposed
system, which requested clarification in only 6% of cases. This increased uncertainty sug-
gests that while the RAG approach provided relevant information, models struggled to

integrate this information effectively to form confident conclusions.

Beyond performance metrics, several practical limitations of the RAG-based approach

were identified that would impact real-world applicability:

Computational Cost The RAG-based approach incurred substantially higher compu-
tational costs compared to the proposed system. The per-question cost ranged from
US$0.0005 (Gemini 2.0 Flash) to US$0.03 (Claude 3.5 Sonnet), compared to approximately
US$0.0002 for the proposed system. This represents a cost increase of 2.5x to 150x de-

pending on the model employed.

Latency Response generation latency was significantly increased in the ablation condi-
tion, with time-to-first-token ranging from 0.75 seconds (Llama 3.2) to 8 seconds (Claude
3.5 Sonnet), not including the additional time required for complete response genera-
tion. The proposed system’s query execution and response generation typically completes

within 1 — 2 seconds total.
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API Limitations Rate limiting presented a substantial challenge, particularly for Claude
3.5 Sonnet, which exhausted its quota of 40, 000 tokens per minute after processing only
five questions. This limitation would severely restrict the system’s ability to handle mul-

tiple concurrent users in real-world deployment scenarios.

The results of this ablation study highlight a few important implications. First, the ab-
sence of significant performance improvements in the RAG-based approach, despite pro-
viding models with direct access to relevant document content and images, underscores
the importance of structured knowledge representation. Second, the pronounced increase
in response uncertainty demonstrates that simply providing more information does not
necessarily lead to more confident or accurate responses. Finally, the practical limitations
identified - including higher costs, increased latency, and API constraints — demonstrate
that the proposed system offers significant advantages in terms of deployability and scal-
ability. These considerations are particularly relevant for in-vehicle applications where

responsiveness and reliability are critical requirements.

5.8 Failure Analysis

This section aims to give a brief, qualitative overview of the failure modes experienced in
question answering, for both the proposed system, as well as the baseline systems. Failure
was defined as receiving a human evaluation score below 3.0 (“Average”) on the 5-point
Likert scale used. Three main categories of failures were identified based on the collected

data.

There were three instances where all evaluated models, including the proposed system,

failed to provide an adequate answer. These cases involved questions that were inher-
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ently ambiguous, and misinterpreted or misdescribed basic visual elements, leading to
diverse but incorrect interpretations across all systems. An example is detailed in Ta-
ble 5.2. In this case (Symbol C.04), none of the models correctly identified the symbol as
the “Instrument Panel Brightness Adjustment” symbol; instead, they guessed functions
like tachometer, engine temperature, or general warnings, all receiving ratings of 2.0 or
lower. This suggests that certain human questions about visual configurations may pose
a universal challenge to all models, even when a symbol decomposition-based approach

is utilized.

In 16 cases, the proposed system provided a satisfactory answer while all baseline models
failed. This often occurred questions involving the visual composition of lesser known
symbols, captured in the system’s property graph but not readily available or inferable by
the generalist baseline models. Table 5.3 illustrates such a case (Symbol ].10), where the
proposed system correctly identified the adaptive cruise control failure symbol (receiving
a perfect rating of 5.00), whereas baseline models offered generic or incorrect interpre-
tations like TPMS or charging system warnings, all with ratings of 2.00 or lower. This
highlights the benefit of using structured knowledge approach for question answering,

especially for the visual questions about domain-specific symbols addressed in this work.

Conversely, there was just one instance where the proposed system received a marginally
failing score while all baseline models performed above average. This occurred with Sym-
bol K.10 (“Low Tire Pressure”), as documented in Table 5.4. Upon closer examination, the
likely cause was the system’s use of a database identifier “tire-failure-malfunction” rather
than the actual symbol name that human users would recognize. Although the system’s

explanation was technically accurate in content, human evaluators appeared to down-
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Question: A gauge with a line and dashed lines arcing ap-
peared. Should I take any action?

Model Rating Answer

Proposed System  1.00  This symbol identifies the control that adjusts the bright-
ness of the displays on the instrument panel.

GPT-40 Mini 2.00  Could you please describe the gauge more specifically? Is
there anything inside or around it that indicates tempera-
ture, pressure, or another measurement?

Claude 3.5 Haiku  1.00  The symbol appears to indicate a measurement that has
entered a warning zone. This could be related to engine
temperature, oil pressure, or another critical system. You
should check the vehicle’s manual and monitor the gauge
closely. If the warning persists or is accompanied by other
warning lights, have your vehicle checked by a professional.

Gemini 2.0 Flash 1.00  This symbol typically indicates information about your ve-
hicle’s engine temperature. If the indicator is in the red
zone, your engine may be overheating, and you should pull
over and allow it to cool down.

Llama 3.3 70B 1.00  The symbol you’re describing sounds like a tachometer,
which measures engine speed. If the line is in the dashed
area, it may indicate that the engine is nearing its maximum
recommended speed. You should avoid exceeding the red-
line to prevent engine damage.

Qwen 2.5 72B 1.00  This symbol typically indicates the status of your vehicle’s
speed or tachometer gauge. It may be showing that the
gauge is in a limited or diagnostic mode. Please check
your vehicle’s manual for specific instructions, but gener-
ally, no immediate action is required unless accompanied
by a warning message.

Table 5.2: Example case: All models performed poorly.
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Question: What does the symbol of an exclamation point, F
a car, and a gauge mean? N

Model Rating Answer

Proposed System  5.00  This symbol indicates that the adaptive cruise control sys-
tem has failed or is operating outside of its normal parame-
ters.

GPT-40 Mini 1.67  The symbol represents a warning about a potential issue
with the car’s engine or vehicle systems, typically indicat-
ing that you should check your vehicle’s status.

Gemini 2.0 Flash 1.00  This symbol usually indicates a problem with the tire pres-
sure monitoring system (TPMS). It could mean low tire pres-
sure in one or more tires, or a malfunction in the TPMS it-
self.

Qwen 2.5 72B 2.00  The symbol with an exclamation point, a car, and a gauge
typically indicates a vehicle system warning or a need for
immediate attention to a vehicle’s performance or mainte-
nance issue.

Llama 3.3 70B 1.00  The symbol indicates a vehicle malfunction or issue, often
related to the engine or emissions system, and is typically
displayed as part of the car’s onboard diagnostics system.

Claude 3.5 Haiku ~ 1.00  This symbol typically indicates a serious warning about
your vehicle’s charging system or battery, suggesting an
electrical problem that requires immediate attention.

Table 5.3: Example case: Proposed System performed well, others poorly.
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grade the response based on this terminology choice, perceiving it as less accessible and
user-friendly than the more natural language descriptions provided by the baseline mod-
els. Since the proposed system uses a large language model to generate responses based
on knowledge graph results, it introduces inherent variations in output quality and phras-
ing. Such inconsistencies could potentially be mitigated through future improvements to
the response generation, ensuring that technically accurate information is also presented

in user-friendly language that meets human expectations for quality responses.
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Question: What does the wide circle with treads and an
exclamation mark mean, and should I be concerned?

Model Rating Answer

Proposed System  2.50  The tire-failure-malfunction symbol indicates that your tire
pressure is abnormal or that there is a malfunction in the tire
pressure monitoring system. You should be concerned and
check your tire pressures.

Llama 3.3 70B 3.50  The symbol you are describing is likely related to tire pres-
sure, indicating that one or more of your tires is underin-
flated. You should check your tire pressure as soon as possi-
ble.

Claude 3.5 Haiku  5.00  This symbol indicates a tire pressure warning. It means one
or more of your tires may have low air pressure. You should
check your tire pressures as soon as possible and inflate them
to the recommended levels to ensure safe driving and prevent
potential tire damage.

GPT-40 Mini 4.00  The symbol typically represents a tire pressure warning. It
suggests that one or more tires may be under-inflated, which
can affect your handling and safety. You should check your
tire pressures as soon as possible.

Qwen 2.5 72B 450  This symbol typically indicates an issue with the tire pres-
sure. It suggests that one or more of your tires may be un-
derinflated or overinflated, which can affect your vehicle’s
handling and fuel efficiency. You should check your tire pres-
sure as soon as possible.

Gemini 2.0 Flash 4.00  This usually indicates a tire pressure monitoring system
(TPMS) warning. It means one or more of your tires has
significantly low pressure, and you should check and inflate
your tires as soon as possible.

Table 5.4: Example case: Proposed System performed poorly, others well.
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5.9 Limitations

Several limitations of the current approach have been identified through the experimental

evaluation and are discussed in the following paragraphs.

Knowledge Engineering Effort The symbol decomposition methodology required sig-
nificant manual effort to annotate symbols with visual elements and semantic groups.
While providing a robust foundation for the knowledge graph, this labor-intensive pro-
cess would need to be repeated when applying the approach to new symbol sets or stan-
dards. This requirement for manual annotation presents a scalability challenge for broader

application of the methodology.

Query Generation Challenges Translating natural language to Cypher queries presents
technical challenges. Syntax errors occasionally occur, and certain complex queries can
be computationally intensive. The system implemented timeouts to address performance
concerns, but this can lead to incomplete results for particularly complex queries. The
single retry mechanism, while effective in many cases, may be insufficient for especially

ambiguous or complex user descriptions.

Demographic Representation The human participants recruited were all North Amer-
ican, aged 21-29, and licensed drivers. This demographic homogeneity limits understand-
ing of how the system would perform with questions from users of different cultural
backgrounds or age groups. Cultural variations in symbol description, vocabulary pref-
erences, and questioning styles may significantly impact system performance in more

diverse real-world applications.
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Symbol Coverage and Visual Analogies As demonstrated by the poor performance
on symbol K.10 (“Low Tire Pressure”), the system’s effectiveness was sensitive to the com-
pleteness of visual synonyms in the knowledge graph. When users employed unexpected
visual analogies not anticipated during manual annotation (e.g., describing the symbol as
a “partially open vase”), the system failed to identify the intended symbol. This limitation
highlights a potential imbalance between the structure provided by the knowledge graph

and the flexible, creative ways humans describe unfamiliar symbols.

Synthetic Question Representation As demonstrated in Section 5.5, synthetic ques-
tions differed substantially from human-generated questions in structure, focus, and com-
plexity. Synthetic questions exhibited greater length (averaging 22.2 words versus 16.8 for
human questions), higher syntactic complexity, and more exhaustive descriptions com-
pared to the intuitive, object-based comparisons favored by humans. These differences
limited the effectiveness of synthetic questions as proxies for natural human inquiries

about abstract symbols.

External API Dependencies The implementation relied on external API services to
access the Gemini 2.0 Flash model. This dependency introduces potential issues related
to service availability, rate limiting, and long-term sustainability if API terms change.
As shown in the ablation study, these concerns become even more pronounced when
attempting to implement RAG-based approaches with multi-modal models, which face

substantial challenges related to computational cost, latency, and API limitations.

Performance on Complex Queries The analysis of clarification questions revealed

that while the proposed system required clarification less frequently than most baseline
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models (12.0% vs. up to 28.3% for baselines), evaluation scores were still notably lower
when clarification was required. These metrics however aren’t directly interpretable in
terms of performance. Analyzing the effectiveness of clarification questions requires a

thorough and methodological approach, and was not conducted as part of this thesis.
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Chapter 6

Conclusion

This thesis addressed the semantic gap between visual perception and symbol meaning in
automotive symbols by introducing a hybrid system that combines semiotic theory and
structured knowledge representation with natural language processing. The proposed
approach demonstrated significant improvements over state-of-the-art (vision-) language
models in interpreting and explaining abstract symbols, with the system achieving an
LLM Committee F;-score of 0.693 compared to the best baseline model’s score of 0.256.
Human evaluation further confirmed the practical utility of the approach, with the pro-
posed system receiving an average rating of 4.56 on a 5-point Likert scale, substantially

higher than baseline models (2.32 to 2.51).

The key contributions of this work include: (1) a systematic methodology for decompos-
ing abstract symbols into their constituent visual elements, (2) a property graph schema
capturing visual and semantic relationships, (3) a natural language query processing sys-
tem with clarification capabilities, and (4) empirical evidence demonstrating the value
of structured knowledge representation for bridging the symbol description-recognition

gap. The analysis of human versus synthetic questions revealed important insights about
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how humans naturally describe unfamiliar symbols, preferring intuitive analogies and

focusing on distinctive features rather than exhaustive descriptions.

Notably, the performance evaluation across different question sets demonstrated a sur-
prising trend: All models performed better on human-generated questions than on syn-
thetic questions, despite the latter being generated with access to the ground truth visual
decomposition. This finding challenges common assumptions about the equivalence of
synthetic and human data in evaluating question-answering systems, suggesting that nat-
ural human questioning patterns may actually be more aligned with model capabilities

than artificially constructed queries.

The ablation study further highlighted the advantages of the property graph-based ap-
proach over conventional RAG methods, demonstrating not only better performance but
also substantially lower computational costs, reduced latency, and fewer API constraints.
These practical advantages, combined with the higher accuracy, emphasize the value of
structured knowledge representation in safety-critical contexts where performance, effi-

ciency, and explainability are essential.

This research lays the foundations for several promising directions for future work:

1. Automated Symbol Decomposition: Developing computer vision techniques to
automate or semi-automate the symbol decomposition process could significantly
reduce the manual effort required for knowledge engineering and facilitate exten-
sion to larger, and more general symbol sets. A Human-in-the-Loop approach with
Active Learning could streamline annotation while maintaining the quality required

for safety-critical environments.

2. Enhanced Visual Synonym Coverage: Expanding the range of visual synonyms
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and analogies in the knowledge graph would improve robustness to diverse descrip-
tion styles. This could be achieved through systematic collection and analysis of
user descriptions or through generative approaches that anticipate potential visual

comparisons.

. Advanced Query Refinement: Implementing more sophisticated query retry mech-
anisms with multiple fallback strategies could enhance the system’s robustness
when handling complex or ambiguous queries, potentially reducing the need for

clarification questions.

. Cross-Cultural Adaptation: Conducting evaluations with demographically di-
verse participants could reveal cultural variations in symbol description patterns,

allowing any adaptations to better serve global user populations.

. Improved Synthetic Question Generation: Developing methods to generate syn-
thetic questions that better mimic the structure, focus, and complexity of human
questions could improve the utility of synthetic data for evaluation and training

purposes.

. Domain Extension: Applying the approach to other domains with abstract iconog-
raphy such as medical equipment interfaces, industrial control systems, or public
signage would further underscore the generalizability of the methodology and po-

tentially reveal domain-specific considerations.

. Real-Time Optimization: Optimizing the system for real-time deployment in ve-
hicles, potentially through edge computing approaches or more efficient query pro-

cessing, would enhance practical utility in automotive contexts.
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The findings in this thesis demonstrate that explicitly modeling the relationships between
visual elements and their semantic interpretations can significantly improve the accuracy
and reliability of symbol explanations, particularly in safety-critical contexts where mis-
interpretation could have serious consequences. This approach represents a meaningful
step toward creating more intuitive and explainable human-computer interfaces for ab-
stract visual languages, with potential applications extending well beyond automotive
symbols to other domains where accurate interpretation of abstract visual information is

essential.
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Appendices

A Prompts

This section provides the full-text prompts used for the individual sub-tasks of question

generation, answering, and evaluation using LLM-as-a-Judge.

A.1 Question Generation

The following prompt was used for synthetic question generation, as detailed in Sec-

tion 3.5.2.

1 You are a creative question generator. You are provided with structured information
in JSON format about a symbol shown on a car's dashboard, or otherwise used in
an automotive context. This JSON contains:

2 - The visual elements consituting the symbol.

; - Any semantic groups along with their sub-components.

+ Each component may also have properties (e.g., orientation, style).

¢ Your Task:
7 Imagine you are a driver who sees a lit symbol on the dashboard and wants to
identify or understand its meaning. You don't fully know what the symbol

represents — you might only notice specific shapes, letters, or lines.
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s 1. Questions About Visual Features:

9 - Refer to the shapes, letters, lines, or orientations you observe.

10 - It's okay to repeat certain phrasings like "lamp icon", "letter A", or "five
lines", as real users often do.

2. Question Style:

- Some questions should focus on low-level visual details (e.g., shapes, lines,

letters).
13 - Others should show recognition of semantic groups (e.g., calling multiple lines

plus a lamp a "light").

3. Important Restrictions:

5 - Make sure your question includes components of the symbol, either through

semantic groups, or low-level details. You may also include counts and
properties.
16 - Do NOT include expressions of confusion.

7 - Do NOT include guesses at the symbol's function in the question.

s 3. Question Count: Generate exactly {{target_question_count}} question(s) per

symbol.

) 4. Output Format: Output the questions as a JSON array. Do not output any other
text. Do not output code fences.
20

21 Example Symbol Data:

2 [

s {

24 "name": "light",

25 "components": [

26 { "name": "line", properties: {"orientation": "horizontal"} },
27 { "name": "line", properties: {"orientation": "horizontal"} },
28 { "name": "line", properties: {"orientation": "horizontal"} },
29 { "name": "line", properties: {"orientation": "horizontal"} },
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9

10

46

18

50

"name": "line", properties: {"orientation": "horizontal"} },

{ "name": "lamp" }
]
1
{
"name": "letter-A"
}

Example output:
[
"I see a small lamp shape with five horizontal lines and a letter 'A'. What does
it mean?",
"There's a light-looking icon with lines radiating out and an 'A' next to it, can
you tell me what it does?",
"Why does this dashboard light with a lamp symbol and an 'A' always show up?",
"There is this lamp icon and five lines, plus the letter 'A' showing up, can you
explain what it means?",

"What is the function of this icon that appears to have a lamp and an 'A'?"

Guideline summary:
- Keep the context as if the driver just noticed the symbol and is unsure of its
meaning.
- Allow small variations or minor repetition in how you describe the symbol's
features (e.g., "lamp", "light", "lines", "A").
- Focus on the ’drivers uncertainty and need for clarification or explanation.

- Return the questions as a JSON array. Do not output anything else.
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, .
s Now, please generate diverse user questions for the following symbol:

57 {{symbol_json}}

A.2 Question Answering

The following prompt was used for the baseline models to answer human and synthetic
questions about automotive symbols (see Section 4.2).

1 You are an assistant designed to help users understand symbols used in road
vehicles. These symbols may appear on a vehicle's dashboard, or anywhere else
within, or on a vehicle.

5 Here are some examples of questions and correct, helpful answers:

1+ {% for qa_pair in samples %}

5 - Question: "{{ qa_pair['question'] }}"

6 Answer: "{{ qa_pair['answer'] }}"

7 {% endfor %}

s When answering:

0 1. Always respond in a valid JSON format without any additional text or code fences

11 2. Return one of the following two structures:
2 A. Confident Answer
13 If you are confident in the specific symbol being described, provide a concise

explanation:

15 "response": "<Concise, plain-language explanation of what the symbol means and

its function.>",
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30

32

33

35

"symbol_name": "<Name of the symbol>",
"clarification_required": false
}
B. Clarification Required
If you suspect there are multiple possible meanings or symbols that match the

user's description, and you need more details:

"response": "<A short, direct question asking for clarification about the
symbol's appearance.>",
"symbol_name": ["<Possible symbol name 1>", "<Possible symbol name 2>", ...],

"clarification_required": true

}

» 3. Do not provide any additional keys or textual explanations outside of the JSON

structure.

s Make sure to strictly follow these rules and formats whenever you respond to a user

's question.

Now, provide your answer to the following question:

"{{ question }}"
Provide your answer in JSON only. Do not reply with any other text and do not use
code fences.

For the ablation study in Section 4.3, the following system prompt was used in addition
to the prompt above: “You are a helpful assistant designed to help users understand car

dashboard symbols. The following excerpts have been retrieved from the ISO 2575 stan-
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dard (Road vehicles - Symbols for controls, indicators and tell-tales) for you to answer the

user’s question: [..]”.

A.3 LLM-as-a-Judge

The following prompt was used for the LLM-as-a-Judge committee metric to evaluate

question-answer pairs produced by the baseline models and the proposed system:

1 You are an expert judge evaluating the quality of a candidate answer for a visual
question-answering task. You will be provided with a question, a ground-truth
answers, and a candidate answer. Your task is to assess how well the candidate
answer meets the ground truth by determining two key metrics: precision and
recall.

; Precision should reflect the accuracy of the candidate answer - i.e. the proportion

of the candidate's content that is correct.

+ Recall should reflect the completeness - i.e. the proportion of the ground-truth

information that is captured by the candidate answer.

¢ Using your internal knowledge and simple commonsense reasoning, along with the
provided ground-truth answer, carefully compare the candidate answer to the
ground truth. Provide a detailed explanation of your reasoning process. Then,
assign a precision score and a recall score, each as a floating-point number

between 0 and 1.

s Output your result as a JSON object with the following keys: "explanation", "

precision", and "recall".

10 For example:

11 {
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20

"explanation": "The candidate answer accurately mentions key points such as X
and Y, but misses Z. Therefore, while most of the answer is correct (high

precision), it does not cover all aspects of the ground truth (moderate recall)

"
°© 9

"precision": 0.9,

"recall": 0.7

Now, please evaluate the following data point:

Question: {{ question }}
Ground-truth Answer: {{ reference }}

Candidate Answer: {{ candidate }}

Provide your evaluation according to the instructions above and output your result

as a JSON object.
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B Detailed Results Tables

The following tables, show the scores across all metrics on both (Table B.1), the human
and synthetic questions, as well as on the individual synthetic (Table B.2) and human (Ta-
ble B.3) question sets. For brevity, metrics have been abbreviated as follows: P = Precision,

R = Recall, F1 = F;-Score (harmonic mean of precision and recall).

Model LLM Committee BERTScore ROUGE-1 ROUGE-L METEOR
p R F1 P R F1 P R F1 P R F1 Score
Proposed System | 0.759 0.655 0.693 | 0.765 0.744 0.753 | 0.605 0.650 0.612 | 0.521 0.554 0.525 0.527
GPT-40 Mini 0.324 0.213 0.250 | 0.597 0.584 0.589 | 0.269 0.290 0.261 | 0.187 0.199 0.180 0.163
Gemini 2.0 Flash | 0.305 0.199 0.234 | 0.584 0.579 0.580 | 0.242 0.253 0.228 | 0.170 0.176 0.158 0.153
Qwen 2.5 72B 0.334 0.219 0.256 | 0.576 0.586 0.580 | 0.311 0.270 0.272 | 0.213 0.182 0.185 0.186

Claude 3.5 Haiku | 0.299 0.195 0.228 | 0.584 0.588 0.585 | 0.256 0.233 0.231 | 0.176 0.159 0.158 0.156
Llama 3.3 70B 0.332  0.211 0.250 | 0.594 0.582 0.587 | 0.261 0.285 0.256 | 0.180 0.196 0.176 0.159

Table B.1: Combined results for all model and metric combinations, on both human and synthetic
questions.

Model LLM Committee BERTScore ROUGE-1 ROUGE-L METEOR
P R F1 P R F1 P R F1 P R F1 Score

Proposed System | 0.659 0.542 0.579 | 0.718 0.704 0.709 | 0.541 0.567 0.536 | 0.453 0.471 0.448 0.448

GPT-40 Mini 0.174 0.106 0.126 | 0.580 0.560 0.569 | 0.203 0.248 0.210 | 0.149 0.182 0.154 0.120
Gemini 2.0 Flash | 0.204 0.123 0.147 | 0.571 0.563 0.566 | 0.215 0.241 0.211 | 0.154 0.172 0.150 0.132
Qwen 2.5 72B 0.318 0.198 0.235 | 0.570 0.578 0.573 | 0.298 0.259 0.261 | 0.204 0.176 0.177 0.178

Claude 3.5 Haiku | 0.290 0.179 0.213 | 0.580 0.581 0.579 | 0.243 0.230 0.225 | 0.166 0.155 0.153 0.149
Llama 3.3 70B 0.279 0.161 0.197 | 0.581 0.568 0.573 | 0.232 0.255 0.228 | 0.164 0.180 0.160 0.138

Table B.2: Detailed results for all model and metric combinations on the synthetic questions
dataset.

Model LLM Committee BERTScore ROUGE-1 ROUGE-L METEOR
P R F1 P R F1 P R F1 P R F1 Score

Proposed System | 0.743 0.679 0.699 | 0.761 0.759 0.759 | 0.628 0.618 0.613 | 0.570 0.562 0.558 0.578

GPT-40 Mini 0.341 0.249 0.282 | 0.598 0.599 0.597 | 0.306 0.268 0.271 | 0.213 0.188 0.188 0.187
Gemini 2.0 Flash | 0.322 0.240 0.270 | 0.584 0.595 0.589 | 0.297 0.244 0.251 | 0.216 0.177 0.181 0.176
Qwen 2.5 72B 0.334 0.248 0.276 | 0.590 0.607 0.597 | 0.332 0.261 0.278 | 0.237 0.184 0.196 0.207

Claude 3.5 Haiku | 0.328 0.225 0.257 | 0.588 0.604 0.595 | 0.297 0.235 0.248 | 0.211 0.167 0.176 0.180
Llama 3.3 70B 0.280 0.194 0.221 | 0.587 0.594 0.590 | 0.289 0.251 0.254 | 0.201 0.177 0.177 0.181

Table B.3: Detailed results for all model and metric combinations on the human questions dataset.
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