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Abstract

Over the last few years, there has been a surge of interest in Artificial Intelligence (AI)
vision models, however, using them for automatic processing of drawn natural visual
representations like graphs has not yet been evaluated. This could enable many new ap-
plications, especially the implementation of a fast and scalable retrieval for argumentation
machines.

In this thesis, I propose a new approach to implement structural retrieval in the context
of a case-based argumentation machine using a Swin Transformer v2 model to trans-
form visualized Argument Graphs (AGs) into dense embeddings on which similarities
can be calculated very efficiently. In an experimental, iterative approach, I conceptu-
alize multiple suitable visualization designs based on node-link graph drawings and
treemaps, which aim to capture an AG’s structure. These visualizations are used to
train corresponding vision models for the embedding process. I demonstrate that even
though treemap-based designs show more promising training behavior, more compre-
hensive node-link drawings exhibit better retrieval performance for complex queries.
The A* search from previous works outperforms vision-based argument retrieval for
simple queries; however, a higher query complexity noticeably increases the quality of
vision-based argument retrieval. Furthermore, vision-based similarity computation can
improve computation times by several orders of magnitude and also exhibits promising
scaling of retrieval quality with larger training data sets and longer training durations.
However, due to the complex and opaque information processing of Transformer models,
the structural similarity values produced by the vision-based approach can be unpre-
dictable and counterintuitive. Additionally, vision-based argument retrieval does not
represent a complete replacement for A* search as it does not provide mappings from
the query to the case base arguments.

Keywords Case-based reasoning, argumentation machines, embedding, retrieval, k-
NN, Vision Transformer
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1. Introduction

Argumentation plays an important role in daily life and is essential for cultural, social,
and intellectual progress (Van Eemeren 2018). While news papers and political columns
are prevalent sources for argumentative texts, they can also be presented in a structured
manner, e.g. as Argument Graphs (AGs). AGs can be visualized using established graph
visualization techniques, such as node-link graph drawings or hierarchical treemaps.
These visualizations cannot only be used by human argumentation experts to under-
stand and process the structure of an argument graph, but can also be processed by
a computer vision model to enable the efficient implementation of downstream tasks
on these arguments. Concretely, this thesis integrates a current vision model into the
context of the argumentation machine envisioned by the ReCAP project (Bergmann et al.
2018) to enable efficient argument retrieval.
This envisioned argumentation machine is a system which can retrieve relevant ar-

guments and synthesize new arguments for not yet well explored topics (Lenz et al.
2019). The argument retrieval of such an argumentation machine could support many
scientists, journalists, and politicians. A user could use it to query an argument data base
to obtain a general overview of arguments for and against a specific topic (Bergmann
et al. 2019). While content-based (semantic) retrieval of relevant arguments could ideally
result in a more informed decision-making process for politicians, structural retrieval
might allow them to find arguments of which they can adapt the structure to form amore
persuasive new argument. Journalists, on the other hand, could use the argumentation
machine retrieval to verify facts. This could make an argumentation machine a vital
tool for public discourse, it could mitigate the spread of false news, and could lead to
better decision making. An argumentation machine, which cannot only work on the
argumentative texts itself but also has a sound understanding of the argument structure,
could be vastly superior compared to technologies like traditional search engines and
text summarization tools for these use cases.

Argument retrieval can be implemented in the context of a Case-based Reasoning (CBR)
system (Bergmann et al. 2019; Lenz et al. 2019). The argumentation machine manages
the case base of known arguments and can retrieve relevant arguments by performing
a K-Nearest Neighbors (K-NN) search to find the arguments with the highest similarity
to a particular user query. For this argumentation machine to provide a high practical
usefulness in public discourse, it is beneficial if the argumentation machine can operate
on a large argument data base to allow searching through a comprehensive and diverse
corpus of arguments. Problematically, previous works exploring argument retrieval in
this context strugglewith a high computational complexity during graph-based similarity
computation due to the resource-intensive A* search (Bergmann and Gil 2014) used.
This severely limits the scalability of the database and the maximum complexity of the
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1. Introduction

arguments, which can be retrieved in a feasible amount of time by such an argumentation
machine.

Motivated by recent breakthroughs in the domain of computer vision, in this thesis, I
explore a vision-based approach for structural argument retrieval using the visualizations
of argument graphs mentioned above. Although vision models are traditionally used
with real-world photos (e.g. for image classification (Dosovitskiy et al. 2021)) and have
not yet been extensively explored for processing of drawn natural representations, such
as graph drawings, they can potentially enable the implementation of argument retrieval,
which is scalable and flexible enough to handle a large and diverse knowledge base. In
comparison to previous works based on A* search, this approach is likely to produce
more inaccurate similarities; however, as the process of first visualizing and subsequently
working with visual representations of argument graphs closely resembles the process of
humans, vision-based argument retrieval might even improve the alignment of retrieval
results to the baseline rankings produced by human experts.
To develop the concept of vision-based structural argument retrieval, I conducted a

literature research to explore the possibilities and requirements of contemporary text-,
graph-, and image-based embedding and retrieval models. I then conducted a second
literature research to develop an effective, readable, and fast-interpretable visualization.
This visualization was used to train the first Vision Transformer (ViT) model, using a
training recipe adapted from successful text and image embedding models. To improve
the suitability of the visualization design for ViT models, I use an experiment-driven
approach and systematically iterate on visualization attributes, using findings from
earlier visualizations to improve model training behavior for subsequent visualizations.

In this thesis, the problem of argument graph retrieval is explored in isolation of other
argumentation machine tasks and does not include the generation of mappings between
the query and the individual case base arguments, which are a byproduct of A* search in
previous works and could be used in subsequent argumentation machine tasks. Further,
the actual gathering and building of the knowledge base, especially with respect to the
required diversity, reliability, and correctness of the arguments, lies outside of the scope
of this thesis.
Concretely, the following research question is evaluated in this thesis: Does vision-

based structural similarity computation present a faster and more scalable alternative to
structural similarity computation based on the A* search for argument graphs?
The contributions of my thesis are as follows:

• I propose a novel vision-based approach for computing structural AG similarity
and a suitable pipeline for structural retrieval to enable efficient argument retrieval
in the context of an argumentation machine.

• I compare several different visualization techniques for AGs to find out which of
them are best-suited for training ViT models and can provide a high alignment to
the reference rankings of human experts in the structural argument retrieval task.

• I evaluate the performance of the structural retrieval pipeline, comparing it to the
previous A* search, and perform individual studies on the impact of graph changes

2



1. Introduction

on the computed similarity, the improvements resulting from extended model
training, as well as how well both approaches scale regarding graph complexity.

My thesis is structured as follows: First, I explain the core foundations which are
necessary for understanding this thesis (Section 2) and refer to related work (Section
3). In Section 4 I introduce the five visualizations explored in this thesis, as well as the
corresponding methodology and vision-based similarity computation pipeline. After
that, I evaluate the performance of the vision-based argument retrieval in Section 5 and
end with a conclusion and an outlook for future work in Section 6.

3



2. Foundations

In this section, the terminology, core concepts, and technologies that are essential to
understand this thesis will be introduced. This includes the problem domain of argumen-
tation theory, as well as technical foundations in Case-based Reasoning (CBR), MAC/FAC
retrieval, embedding tasks, the Transformer architecture and graph drawing.

2.1. Argumentation Theory
Argumentation is defined as a communicative and interactional act complex aimed at
resolving a conflict of opinion by means of reasoning (Van Eemeren 2018). This is done
by convincing the opposing party of the acceptability of a standpoint by presenting a
constellation of propositions that meet shared critical standards of reasonableness (Van
Eemeren 2018). To communicate a point of view reasonably, an argument in its simplest
form (an Aristotelian syllologism, see Lewiński and D Mohammed (2016)) consists of a
set of Argumentative Discourse Units(ADUs), i.e., premises and claims. An example of
this can be found in Figure 2.1.

Figure 2.1.: Example for an argument, divided into its components. Argument source:
Peldszus and Stede (2015)

The main area of argument theory scholarship deals with argumentation schemes,
with which arguers can adapt to their audiences (Lewiński and D Mohammed 2016).
Douglas Walton identified 96 argumentation schemes as stereotypical patterns of human
reasoning in Walton et al. (2008). An example of an argumentation scheme is Argument
from Analogy which can be seen in Figure 2.2. These schemes or rules of inference can
be used to embed the relationship between a premise and a claim (i.e. supporting or

4



2. Foundations

Argument from Analogy

Major Premise: Generally, case C1 is similar to case C2.
Minor Premise: Proposition A is true (false) in case C1.
Conclusion: Proposition A is true (false) in case C2.

Figure 2.2.: Walton’s argumentation scheme Argument from Analogy. Source:
Lewiński and D Mohammed (2016)

attacking) into the aforementioned critical standards of reasonableness and can therefore be
seen as the local argumentation structure. The roles of premises and claims inside these
argumentation schemes, as well as the critical questions to assess each of them will not
be considered in this thesis.
On the other hand, global argumentation structure focuses on the way complex

inferences are organized (Lewiński and D Mohammed 2016). In general, the following
three main structures have been identified (Lewiński and D Mohammed 2016):

• serial premises, which support each other in a chain that leads to the conclusion,
• linked premises, where several premises constitute together to lead to the conclu-

sion
• convergent premises, where several independent lines of support all reach the

same conclusion.
Chesñevar et al. (2006) proposed to represent an argument as an Argument Graph

(AG), which is a directed graph where each node can be an Information Node (I-node) or
a Scheme Node (S-node). I-nodes represent the contents of the argument, i.e., the domain-
dependent claims of the argument. On the other hand, S-nodes are domain-independant
and represent the applied argumentation schemes. An example of such an AG can be
found in Figure 2.3.
Bergmann et al. (2019) and Lenz et al. (2019) formalized and extended an argument

graph as a tuple (𝑁, 𝐸, 𝜏,𝜆, 𝑡), where 𝑁 represents the set of the graph’s nodes, 𝐸 repre-
sents the set of its directed edges, 𝜏 maps each node to a type, 𝜆 maps each node to a
semantic description, and 𝑡 represents the overall topic of the graph.

2.2. Case-based reasoning
CBR is a sub-discipline of Artificial Intelligence (AI) and uses past experiences to solve
new problems (Bergmann et al. 2009). The entire process of CBR can be represented
as a cycle, which contains a retrieval step, reuse step, revise step, and retention step
(Aamodt and Plaza 2001). Past experiences called cases are stored in Case Base (CB). A
new problem 𝑞 can be solved by querying CB for relevant cases (retrieval).
These relevant cases are the most similar cases contained in CB, because one of the

core assumptions of CBR is that similar cases have similar solutions (Bergmann et al.
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2. Foundations

Figure 2.3.: Visualized argument graph. The blue rectangles represent I-nodes; the red
and green rhombuses represent S-nodes. Illustration source: Lenz et al.
(2019); argument source: Peldszus and Stede (2015)

2009) and a higher similarity value suggests that the respective case is more useful for
solving the new problem (Bergmann and Gil 2014).
Finding the most similar cases is a K-NN task (Bergmann et al. 2009). In its simplest

form, a similarity function sim is used to calculate the pairwise similarity sim(𝑞, 𝑐𝑖), 𝑐𝑖 ∈
CB between the new problem and every case in CB. Then, the cases 𝑐𝑖 with the highest
similarity values are selected. The selected cases can then be reused by adapting them
(revision) to the current problem, generating a new solution. This solution can finally be
used to increase the knowledge stored in CB by persisting the new experience alongside
past cases (retention) (Bergmann et al. 2009).

CBR can be divided into several categories, including structural and textual CBR
(Bergmann et al. 2009). Structural CBR defines a fixed structure for case representations
like attribute-value tables or graph structures. On the other hand, textual CBR represents
cases as free texts, simplifying the work with large collections of existing know-how text
documents (Bergmann et al. 2009).
This makes CBR very useful in an experience-driven customer management context,

such as Customer Relationship Management (Choy et al. 2002) or Fraud Detection
(Wheeler and Aitken 2000). However, CBR has also been explored for the retrieval of
(business) workflow graphs in the context of process-oriented CBR (POCBR) (Bergmann
and Gil 2014), as well as argument graph retrieval (Bergmann et al. 2019, Lenz et al.
2019). For the latter two cases, the cases are graphs (semantically labeled workflow
graphs or argument graphs, respectively). For the retrieval phase, special graph-based
similarity measures can be utilized that make use of the additional information present
in these graphs.

2.3. Retrieval using MAC/FAC
To improve computation times for similarity-based retrieval as used in the context of
CBR, a MAC/FAC (Forbus et al. 1995) approach (many are called, but few are chosen)

6



2. Foundations

can be implemented. Here, the retrieval process is split into two phases. In the first
phase (MAC phase), all cases within CB undergo a very efficient, high recall pre-filtering
process, finding a small number of candidate cases. This can significantly cut down on
the number of cases which have to be considered in the FAC phase, for which the actual,
computationally more expensive similarity measure between the retrieval query and the
cases has to be computed. The performance gain of applying a pre-filtering MAC phase
increases with the complexity of the similarity function used in the FAC phase and the
total size of CB.

2.4. Embeddings
In an embedding task, common goals are the quantification of semantic similarity
between objects (L Yu et al. 2019, Su et al. 2022) and dimensionality reduction, i. e.
transforming high-dimensional objects into lower-dimensional, often dense vector rep-
resentations (Cai et al. 2018; Xu 2021). To achieve this, a deep neural network can be
trained to learn a mapping 𝑓 : R𝑏 → R𝑎 , 𝑎 ≪ 𝑏 with R𝑏 representing the original object
space and R𝑎 representing the lower-dimensional embedding space.

The most important attribute of the learned embeddings to enable semantic clustering
of objects in the embedding space is the preservation of information, especially the
preservation of semantic distance. Two objects, which are considered similar by users /
experts, should be projected close to each other in the embedding space (L Yu et al. 2019).
This allows the quantification of similarities between original objects by applying stan-
dard similarity measures such as the dot product or cosine distance to the embeddings
of the objects (Xu 2021).

In a retrieval task, this property can enable the comparison of elements from two other-
wise unrelated object spaces. For example, Radford et al. (2021) embedded images and
texts into a joint multi-modal embedding space, which enables retrieval of an appropriate
text caption using an image as the query. Girdhar et al. (2023) expanded on this and
embedded audio, images, video, depth maps, and text into a shared embedding space,
which enables cross-modal retrieval, embedding space arithmetic, and audio to image
generation.
For graph embeddings, the reduction of object dimensionality while maximally pre-

serving the graphs’ structures is traditionally the main goal (Cai et al. 2018; Xu 2021).
If the embeddings can provide a significant dimensionality reduction, this can greatly
improve the efficiency of downstream computation by reducing computation times and
decreasing memory complexity. Ideally, if the vector representation maximally preserves
the properties of the object, these downstream computations remain accurate. This opens
up the potential for new applications that might be too computationally expensive for
the original objects.

7



2. Foundations

2.5. Transformer Architecture
The Transformer architecture, originally developed for translation tasks (Vaswani et al.
2017), has been successfully applied to all types of Natural Language Processing (NLP)
tasks and forms the backbone of every modern large language model (Brown et al. 2020,
Touvron et al. 2023, Penedo et al. 2023). However, the Transformer architecture can
also be applied to images (Dosovitskiy et al. 2021) where its heavy use of self-attention,
large-scale pre-training and bidirectional feature encoding benefit several vision tasks
like object detection or image classification (Khan et al. 2022).

The novelty of the Transformer architecture lies in its heavy use of self-attention layers
(Khan et al. 2022). For each element in an input sequence 𝑧 = (𝑧1 , 𝑧2 , . . . , 𝑧𝑛) ∈ R𝑛×𝑑
with length 𝑛 and embedding dimension 𝑑, a self-attention layer estimates the attention
weights 𝐴 ∈ R𝑛×𝑛 of the elements to each other (Dosovitskiy et al. 2021). The self-
attention value SA(𝑧) is then calculated as aweighted sumover all values 𝑧𝑖 , 𝑖 ∈ {1, . . . , 𝑛}
in the sequence (Dosovitskiy et al. 2021). This allows the model to capture interactions
between all 𝑛 elements in the sequence by updating each element in the sequence using
aggregated global contextual information (Khan et al. 2022). This means that even
long-range dependencies in a sequence can be taken into account, which might alter the
context of an item significantly.

For example, in the sentence ”I play the guitar”, the word play would have a different
self-attention value than in the context of the sentence ”Do you play chess?”, as the
embedding values for the other words in the respective sentences (sequences) would be
different.
To enable the Transformer architecture to work with image data, Dosovitskiy et al.

(2021) proposed dividing an image into fixed-size patches, which are then fed into a
linear projection layer. After combining the patch embeddings from the projection with
position embeddings, they can be fed into a Transformer model as a sequence of vectors
where self-attention can be applied.

Self-attention is especially beneficial when working with images in a self-supervised
manner. Caron et al. (2021) showed that a ViT model may automatically learn image
class-specific features, which leads to unsupervised object segmentation.

Based on the original ViT architecture (Dosovitskiy et al. 2021), Swin Transformer V1
and V2 improve on it by increasing its efficiency and suitability as a large-scale vision
model.
V1 (Z Liu et al. 2021b) improves the efficiency of the original ViT model by limiting

the computation of self-attention to non-overlapping local windows only (achieving
linear complexity with respect to image size) as opposed to the original ViT’s global
implementation (quadratic complexity) (Z Liu et al. 2021b). To allow for cross-window
connections, themodel cyclically shifts the self-attentionwindows by alternating between
the original image partition and a shifted image partition in subsequent Transformer
blocks.
V2 (Z Liu et al. 2021a) builds on this and aims to improve the ability of the model to

scale up to a large-scale vision model. For this reason, the training stability is improved
by adjusting the model architecture, the resolution gap between low-resolution pre-
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2. Foundations

training images and high-resolution downstream images is addressed, and SimMim (Xie
et al. 2022) is proposed as a self-supervised training framework to alleviate the need for
massive amounts of labeled data during training (see Section 2.6).

2.6. Training of a Transformer-based model
The Transformer architecture shows remarkable scaling with model size and size and
quality of the training data set (Dosovitskiy et al. 2021, Z Liu et al. 2021a). In general,
the training process is divided into the two phases pre-training and fine-tuning.

2.6.1. Pre-training
During this phase, the model should be trained to understand the general domain and
develop general-purpose low-level and high-level abilities (Raffel et al. 2020). In the
context of NLP examples of low-level abilities could be understanding of spelling or
meaning, while high-level abilities could be comprehension of abstract logic.

The pre-training phase can be performed supervised (Dosovitskiy et al. 2021) or self-
supervised. While the choice does not limit later downstream abilities (in general, pre-
trained models are extended by task-specific prediction heads and undergo an additional
task-specific fine-tuning (Z Liu et al. 2021a)), current state-of-the-art models (Z Liu et al.
2021a; Oquab et al. 2024) employ self-supervised learning, as this allows the usage of
large and diverse unlabeled training data sets. Various self-supervised approaches have
been explored in the context of NLP (Z Liu and Shao 2022, Devlin et al. 2018, Radford
et al. 2018) and vision (M Chen et al. 2020, WWang et al. 2022, Xie et al. 2022).
The approaches for self-supervised pre-training can generally be divided into

1. masked language/image modeling,

2. Auto Encoding (AE) / reconstruction based training.

A schematic illustration of their functional principles can be found in Figure 2.4.

Masked modeling

In masked modeling, a set percentage of input tokens gets masked. When working
with images, this means masking the pixel values for some of the image patches. The
model is then trained by predicting the original pixel values before masking based on
the remaining tokens. There are a few challenges when implementing this approach in
the vision domain (Xie et al. 2022):

• Locality: Close pixels are highly correlated as they can only form an object together.
While this can also be the case with text, most of the time, the tokens of a text are
independent (separate words) andmight also refer to objects that are very far apart
in the sentence.

9
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Figure 2.4.: Functional principle of masked modeling and auto encoding

• Low vs. high level signals: Text is human-made and consists of words representing
high-level concepts. Image pixels, on the other hand, are low-level signals that do
not carry any intrinsic meaning on their own.

• Continuous vs discrete domains: In a modeling perspective, a text is a sequence of
tokens which are manifestations in a discrete feature space (i.e. the model’s vocab-
ulary). The color of a single image pixel, however, is a value from the continuous
color space.

Because of this, masked image modeling cannot be easily formulated as a classification
task in which the model simply predicts the label of masked patches. Although there are
some complex approaches that avoid these challenges (M Chen et al. 2020, WWang et al.
2022), according to Xie et al. (2022) formulating masked image learning as a regression
task and predicting raw pixel values, performs as well as complex approaches while
providing a much simpler model.

Auto Encoding

Masked modeling has the limitation that it cannot learn on the masked tokens, i.e., it
cannot use them to understand the context and relation to other tokens, possibly causing

10
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this approach to be inefficient in the use of its training samples. To mitigate this, training
based on Auto Encoding (AE) uses an auto-encoder architecture, consisting of an encoder
and a decoder. An input 𝑥 is given to the encoder, which then projects it into a low-
dimensional latent space (embedding space): 𝑒𝑛𝑐(𝑥) = 𝑥. The decoder then attempts to
reconstruct the original input using the output of the encoder: 𝑑𝑒𝑐(𝑥) !

= 𝑥. The training
objective is the minimization of reconstruction error. To increase the difficulty of the
task, in many cases the decoder is very limited, often restricted to one layer (Z Liu and
Shao 2022, Su et al. 2022). This is intended to force the encoder to compress a maximal
amount of meaningful information into the embeddings, thus improving the embedding
quality.

2.6.2. Fine-tuning
The fine-tuning phase is highly task-specific and usually uses specialized supervised
data sets for the respective downstream tasks. In the case of an embedding model, a
commonly used self-supervised technique is contrastive learning (T Chen et al. 2020a,
T Chen et al. 2020b).

Contrastive learning has first been successfully used in the vision domain by T Chen
et al. (2020a). It uses batches 𝐵 of positive and negative samples 𝐵 = (𝑥, 𝑋+ , 𝑋−) with 𝑥

representing a training sample, 𝑋+ the set of positive samples and 𝑋− the set of negative
samples. The goal of an embedding model is to construct an embedding space that
enables similar objects to be projected into close proximity, while dissimilar objects are as
far apart as possible. To achieve this, the model is trained using the following contrastive
loss (T Chen et al. 2020a):

ℓNT-Xent
𝑖 = − log exp(sim(𝑞𝑖 , 𝑘𝑖)/𝜏)

exp(sim(𝑞𝑖 , 𝑘𝑖)/𝜏) +
∑

𝑗≠𝑖 exp(sim(𝑞𝑖 , 𝑘 𝑗)/𝜏)
(2.1)

for 𝑖 , 𝑗 in {0, . . . , batch size} where sim(·, ·) denotes cosine similarity, and 𝜏 represents
temperature as a hyperparameter.
A big challenge when using contrastive learning is the possibility of representation

collapse (Grill et al. 2020), where the model outputs the same vector for each input, as
well as finding suitable sets 𝑋+ and 𝑋− for each training sample 𝑥 in the data set. For
vision models, random augmentations (cropping, color shifting, etc.) of 𝑥 can be used to
generate samples from 𝑋+ (T Chen et al. 2020a, Grill et al. 2020) while all other samples
from the training batch are grouped as 𝑋− (in-batch negatives). Training is very sensitive
to these augmentations, and the particular augmentations chosen significantly influence
model performance (T Chen et al. 2020a). As opposed to exclusively using in-batch
negatives, more sophisticated models also utilize hard-mined negatives (i.e., edge cases
that should be considered as dissimilar retrieved by an external mechanism) to further
improve performance (Asai et al. 2022; Qu et al. 2020).
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2.7. Graph drawings
Visualizing graphs is a problem that connects two disciplines: visualization design and
graph drawing. Visualization design is primarily focused on human perception and
how to effectively convey information to the intended audience and is especially relevant
in geography, library science and design (Munzner 2014). Graph drawing, as a sub-
discipline of computer science, on the other hand, mainly focuses on the algorithmic
problem of efficiently generating a visualization of a graph while adhering to certain
rules (e.g. minimizing line crossings, minimizing bends, etc.) (Angelini and Hanxleden
2023; Bekos and Chimani 2023).
To improve interpretability and readability, the literature on visualization design

provides guidelines on which visual elements (overall visualization techniques, colors,
shapes, edge types) are effective in representing certain information (Munzner 2014).

2.7.1. Visualization techniques for hierarchical data
Graph drawings arewell studied and are ”themost universalmodel that can be structured
relatively easily and that supports data visualization even with hundreds of thousands
of nodes” (Kolomeets et al. 2023). In the context of this thesis, graph drawings refer to
node-link tree drawings, which are generally made up of nodes, which represent objects,
as well as edges, symbolizing the relations between objects (Kolomeets et al. 2023).
Graphs have the following limitations:

• Graph layout algorithms fail when data gets too large and complex (i.e. very
heterogeneous with multiple links between nodes), or data is not always connected
Kolomeets et al. (2023).

• A graph drawing generally inherits the shape of the underlying graph, whichmight
be very wide or very deep, when using uniform node sizes.

Because of this, treemaps can be considered as alternative visualizations that can show
complete information about the hierarchical structure, although they are generally used
to indicate the containment of objects rather than their connection (Munzner 2014).
All children of a tree node are enclosed within the area allocated to the parent node.
Although they are not as effective in conveying a graph’s topology (e.g., if the goal is
to trace a certain path through the tree), they can be used to quickly spot outliers of
attribute values (Munzner 2014).

2.7.2. Color
Color has been found to be the most powerful aspect to effectively encode information in
a visualization and can be interpreted faster than other aspects, such as shape and size
(Karim et al. 2019, Nowell et al. 2002). In addition to that, color is also very versatile and
can be used to encode not only categorical, but also continuous data attributes (Munzner
2014). For categorical encoding, especially, it is important that colors have the same
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perceived intensity, as differences could lead to differences in salience (Munzner 2014).
Colors should also be distinguishable, which means choosing colors that are sufficiently
distant and separable from other colors by a straight line in the color space (D’Zmura
1991). In addition, the number of colors used should be limited to a small number (Silva
et al. 2011). Furthermore, Reda et al. 2021 found that color nameability also improves
interpretability for human testers.
To provide linear separability and equidistance between colors and partition them

into different named color regions, Healey (1996) proposed to first measure and transfer
a monitor gamut to an isoluminant uniform color space such as CIELUV. There, the
colors could be chosen as equally spaced points around the circumference of the largest
inscribed circle.

2.7.3. Shapes
In graph visualization, shape plays a subordinate role, even though it can impair other
aspects like color in conjunction with size. This is because the color of a node cannot
be perceived if its area is too small (Munzner 2014). Even if shape has a greater impact
on interpretability than size (Nowell et al. 2002) for user interface design, there is no
concrete guidance in the literature as to which types of shape should be used.

2.7.4. Edge Types for Graph Drawings
While the most common type of edge used to draw graphs is a classic arrow, with the
arrowhead indicating the direction of an edge, Holten and Van Wijk (2009) suggests that
it is inferior to many other edge types. Specifically, tapered edges, which start wide at
the source node and become narrower on their way to the target node, performed best
in the user study they conducted, as they indicate direction very intuitively and reduce
visual clutter.
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This thesis combines approaches from several different fields, namely structural and
textual CBR, graph embedding and image-based retrieval.

3.1. CBR-based Argument Graph Retrieval
Bergmann et al. (2019) established the basis of CBR-based AG retrieval, combining
structural CBRwith graphs as a case representation with textual CBRmethods (semantic
text similarity). They proposed using a MAC/FAC approach (see Section 2.3) where
AGs are first filtered based on their topics to semantically match the query and then
ranked according to their graph-based similarity, which considers semantic and structural
graph attributes. Concretely, in the MAC phase, the semantic embedding of the topic
embedding 𝑡𝑖 of every case base graph is compared to the embedding of the query’s topic
embedding 𝑡𝑞 . The arguments with the 𝑘 most similar topic vectors are then selected as
the result of the MAC phase.
The graph-based similarity (FAC phase) between a query graph 𝑄 and a case base

graph 𝐶 proposed by them is based on admissible mappings 𝑚 : 𝑁𝑞 ∪ 𝐸𝑞 → 𝑁𝑐 ∪ 𝐸𝑐

between the nodes and edges of the query (𝑁𝑞 , 𝐸𝑞) and the nodes and edges of the case
base graph (𝑁𝑐 , 𝐸𝑐), respectively. Through such a mapping 𝑚, the local node similarities
sim𝑁 (𝑛𝑞 , 𝑛𝑐) for 𝑛𝑞 ∈ 𝑁𝑞 and 𝑛𝑐 ∈ 𝑁𝑐 and the local edge similarities sim𝐸(𝑒𝑞 , 𝑒𝑐) for
𝑒𝑞 ∈ 𝐸𝑄 and 𝑒𝑐 ∈ 𝐸𝑐 can be calculated. These local similarities are then aggregated as
a weighted average to get sim𝑚(𝑄, 𝐶). The final similarity value is then calculated as
sim(𝑄, 𝐶) = max{sim𝑚(𝑄, 𝐶) | admis. map 𝑚}.
The mappings themselves are computed using the A*I algorithm (Bergmann et al.

2019). A search node S used in this A* implementation represent the current mapping
S.m, the not yet mapped nodes S.N and the not yet mapped edges S.E. Starting with
an empty mapping, in every iteration of this algorithm, the first search node S from
the priority queue is expanded by extending S.m in all possible ways by mapping an
additional node or edge. All these expended nodes are inserted into the priority queue
based on the value of a function 𝑓 (𝑆) = 𝑔(𝑆) + ℎ(𝑆) where 𝑔(𝑆) represents the similarity
of the current mapping S.m and the heuristic ℎ(𝑆) estimates the additional similarity
achieved when also mapping the remaining nodes and edges.

Concretely this means that for the final similarity value sim(𝑄, 𝐶) between the query
and a single case base graph, at least |𝑁𝑄 | + |𝐸𝑄 | similarity values for smaller mappings
have to be computed as part of the A*I algorithm (this case would need a perfect heuristic
ℎ(𝑆)), setting the lower bound for time complexity for the FAC phase toΩ(𝑘(|𝑁𝑄 | + |𝐸𝑄 |)).
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To experimentally evaluate their retrieval approach, Bergmann et al. (2019) compared
the retrieval results of an isolated MAC phase, an isolated FAC phase, as well as the
combined MAC/FAC phases in regards to their alignment with expert assessments on
the argumentative microtexts corpus (Peldszus and Stede 2015). They showed that the
combined MAC/FAC approach was able to improve computation time and retrieval
quality.

Lenz et al. (2019) built upon this and evaluated additional semantic text similarity
measures, as well as an ontology-based semantic similarity measure for argumentation
schemes, and were able to improve the results reported by Bergmann et al. (2019).

3.2. Graph Embedding
In the domain of graph embedding, there are multiple works in which graph embedding
was explored to reduce computational costs andmemory requirements for graph analysis.
Popular approaches are random walk-based methods, as utilized by Perozzi et al. (2014)
and Grover and Leskovec (2016), and neural network-based methods, using Graph
Convolutional Networks (Kipf and Welling 2016) or Graph Transformers (H Tang et al.
2020). They focus heavily on the structure of the argument graphs and embed graph
nodes and edges individually.
To represent an entire graph as a vector instead, graph kernels are usually used (Cai

et al. 2018). Here, the resulting vector contains the counts of the elementary substructures
from which the graph is constructed. Different methods include decomposing a graph
into graphlets (fixed-sized subgraphs), sub-tree patterns, or random walks (Cai et al.
2018).

3.3. Vision Transformer-based Image Retrieval
Although, to my knowledge, ViT embeddings have not been used to process graph
drawings or other human-made visualizations, it has been successfully applied for
general image retrieval (El-Nouby et al. 2021). The authors successfully trained a ViT
model using a Siamese architecture and a metric learning objective to generate image
descriptors (i.e., embeddings) which can then be used to retrieve appropriate images.
They show that fine-tuning an off-the-shelf ImageNet pre-trained ViT model and

regularizing the output feature space to encourage uniformity significantly reduces
overlap between positive and negative pairs and is subsequently able to improve the
retrieval quality above the previous state-of-the-art in category-level retrieval held by
convolutional models. Additionally, they suggest that ViT models can outperform more
complex convolutional models in this task with short vector representations and are
able to be used unmodified in other categories (e.g. particular image retrieval), which
necessitated training a new model in the past.
Finally, there is a lot of research on text-based retrieval (L Gao and Callan 2021; Qu

et al. 2020; L Wang et al. 2022a) and text embedding models (T Gao et al. 2021; Su et al.
2022; L Wang et al. 2022b; Xiao et al. 2023) which can be combined with a K-NN search
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for retrieval tasks. As they also use the Transformer model architecture, many of the
methods described in this work can be used to work with images by simply exchanging
the (text) Transformer model they used with a ViT model.
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4. Argument Graph Retrieval Using
Vision-based Structural Similarities

This thesis explores a vision-based structural similarity computation on AGs. This
computation can be used alongside content-based pre-filtering to implement a very
efficient retrieval stage for an argumentation machine. Compared to previous work
(Bergmann et al. 2019; Lenz et al. 2019), I expect this approach to result in a highly
reduced computation time during inference because it offers good scaling in regards
to graph complexity and case base size and also allows performing a major part of the
similarity computation at store time. Ideally, the convincing image retrieval performance
of ViT models (El-Nouby et al. 2021) and the similar process of processing argument
graphs to experts (i.e., visualizing the graph first and then working on the structure
visualization) should allow this approach to maintain decent alignment with expert
assessments.

4.1. Problem Description
The problem domain is argument retrieval in the context of an argumentation machine.
Concretely, the task consists of retrieving those arguments from a set 𝑆 of known ar-
gument graphs, which are semantically (MAC phase) and structurally (FAC phase)
closest to the user-submitted query, which is also an AG. This means that exactly those
arguments 𝑠 ∈ 𝑆 are relevant retrieval results for a query 𝑞, which match both the
query’s semantic requirements (𝑠 ∈ MAC(𝑞)) and the query’s structural requirement
(𝑠 ∈ FAC(𝑞)):

rel𝑆(𝑞) = MACS(𝑞) ∩ FACS(𝑞)
In this thesis, the problem will be relaxed by the following assumption: For an argumen-
tation machine user, the semantic similarity is a requirement to consider a particular
argument as a relevant candidate. This means that there are cases where good structural
matches to 𝑞 may be discarded if they are a bad semantic match.
Because of this, the retrieval process can be split into two stages. First, all argument

graphs within 𝑆 are filtered based on their semantic similarity to the user’s query 𝑞 in
the MAC phase. The top 𝑘 results are selected as retrieval candidates. The second stage
(FAC) takes these 𝑘 arguments as input and ranks them according to their structural
similarity to 𝑞. The output of these two stages are the 𝑘 arguments within 𝑆 which are
the best semantic and structural matches to 𝑞 with respect to the assumption above.
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As the I-nodes of the argument graphs are already processed as part of the semantic
similarity computation during the MAC phase, I further assume that only the S-nodes of
the semantically relevant AGs suffice to perform structural ranking.

4.2. Methodology
After conducting a literature research on the possibilities and requirements of text-,
graph-, and image-based embedding and retrieval models, I developed the structural
argument retrieval pipeline presented below. To convert AGs into a format that can
be processed by a vision model, I conceptualized five different visualizations (V1-V5)
based on classic node-link graph drawings and treemaps, focusing on encoding the
structure of AGs. I conducted a literature research on visualization design to construct
a visualization design which is effective in terms of interpretability and readability for
visualization V1. These insights are adapted to the capabilities of the Graphviz tool1.
Then, I trained a Swin Transformer v2 model on these images, using a training recipe
adapted from successful text and image embedding models. To improve the suitability
of the visualization design for ViT models, I use an experiment-driven approach and
systematically iterate on visualization attributes to improve model training behavior for
consecutive visualizations V2-V4 (see Appendix A), using the same training recipe as
before (V5 is assumed to be similar enough to V4 to be compatible with the models for
V4). Finally, I experimentally evaluate the capabilities of each visualization for argument
retrieval by examining the alignment of the rankings produced by the visualizations and
their corresponding vision models with expert assessments.

4.3. Concept
Like in previous works, the retrieval approach explored in this thesis will be CBR-based.
There are several reasons why CBR is especially suitable for working with arguments in
the context of an argumentation machine, which is why it will be used as a foundation
for dealing with argument graphs in this thesis:

1. Alignment with argumentation machine tasks. CBR is a problem-solving archi-
tecture designed to allow the retrieval, reuse, and revision of past cases (Aamodt
and Plaza 2001). This aligns well with the tasks of an argumentation machine,
where we need to be able to retrieve arguments (cases in the case base) and to adapt
an argument to the needs of the current problem to synthesize a new argument
(this corresponds to reusing and revising a past case).

2. Flexibility. Structural CBR allows for argument representations which also take
their structure into account. In contrast to approaches that solely represent argu-
ments as strings, the integration of this added information into the retrieval process
should allow for a better alignment with expert rankings.

1https://graphviz.org/
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The general representation of arguments in the form of AGs in AIF format is adopted
from the works of Bergmann et al. (2019) and Lenz et al. (2019). Similarly, the two-stage
filtering process explored in this thesis is derived from these works. The MAC phase is
adopted unchanged to efficiently filter the AGs in the CB on a content level to find the 𝑘

case base arguments with the highest content similarity to a user query 𝑞. The graph-
based similarity computation in the FAC phase, which takes place after that, is replaced
by the pipeline presented below (Section 4.3) which ranks the 𝑘 retrieval candidates
based on their structural similarity.

It should be noted that my approach represents an adapted MAC/FAC pattern, where
the FAC phase does not compute the complete similarity between query and case base
arguments, like the graph-based similarity (which includes both semantic and structural
elements of the argument graphs) from previous works does (Bergmann et al. 2019; Lenz
et al. 2019)). Instead, the two phases of my approach filter CB based on two independent
metrics (semantic and structural similarity), and are able to find overall matches when
used in conjunction with each other. On the one hand, this reduces computational cost,
because only one aspect of the AGs must be considered in the FAC phase. On the other
hand, this approach is more flexible. It also allows for fast retrieval times in scenarios
where the argumentation machine user is not interested in semantically pre-filtering the
CB andmight only be interested in structural matches regardless of the arguments’ topics.
In this use case (i.e. MAC(𝑞) = CB), the MAC phase does not reduce the computation
time for the actual graph-based similarity calculation in the FAC phase of the previous
approach. This would result in infeasible retrieval times for even a moderate number of
medium-sized argument graphs in the argumentation machine’s CB (see Section 5.6).

Vision-based Structural Similarity Pipeline
The pipeline to calculate the structural similarities between a query and the case base
graphs is represented by Algorithm 1.

Algorithm 1 Vision-based computation of the structural similarities between a query
graph 𝑞 in AIF format and the set of retrieval candidates RC in AIF format
procedure Compute Structural Similarity(𝑞, RC)

vis𝑞 ←visualize(𝑞)
emb𝑞 ←embed(vis𝑞)
for 𝑟𝑖 ∈ RC do

vis𝑟𝑖 ←visualize(𝑟𝑖)
emb𝑟𝑖 ←embed(vis𝑟𝑖)
sim𝑞,𝑟𝑖 ← cosine similarity(emb𝑞 , emb𝑟𝑖)

sort RC according to sim
return sorted RC

This means, that the AGs (𝑞 and 𝑟𝑖 ∈ RC) are processed in three phases:

1. Visualization using visualization designs V1-V5 presented below,
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2. Embedding the visualization image with a ViT model,
3. Cosine similarity computation.

Embedding task
For the embedding task, ViT models might be especially suitable. This is because their
architecture allows attending to long dependencies between the input sequence elements
(Khan et al. 2022), as might be the case for large argument graphs. Furthermore, in
the context of graph drawings, the unsupervised image segmentation possible with ViT
models (see Section 2.5) might help to separate the background (white-space) from the
actual information in form of the shapes and colors used to visualize the graph structure.
Finally, several works (Girdhar et al. 2023; Radford et al. 2021) show the ability of ViT
models to produce good embeddings of different modality objects, which might also
transfer to AGs.
Several ViT models with different training mechanisms and different architectures

can be used as base models for this task. Promising models include the original ViT
(Dosovitskiy et al. 2021), DEiT (Touvron et al. 2020) and BEiT (Bao et al. 2021). However,
due to its useful implementation as part of HuggingFace’s transformer package 2 and the
improvements to the original ViT model, I use Swin Transformer v2 (Z Liu et al. 2021a)
models, trained as detailed in Section 5.2.1.
Following related work on text embeddings (Reimers and Gurevych 2019, B Li et al.

2020), I apply mean pooling of the hidden state of the last layer to generate an embedding
for the respective image as the average of the patch embeddings of the input image:

pooling : R𝑠×ℎ → Rℎ

Here, 𝑠 is the sequence length of the flattened image patches, and ℎ stands for the hidden
size, the dimensionality of hidden states of the model.

Cosine similarity computation task
For the final computation of similarities based on the embeddings, traditionally, the choice
is between the dot product and cosine similarity. There are cases where one similarity
measure yields better results in practice than the other (Karpukhin et al. 2020; Steck et al.
2024; Thongtan and Phienthrakul 2019), but no general statement about the superiority
of any of these measures can be made. Because of this, I chose cosine similarity for
practical reasons arising from its normalization to [0, 1]: Firstly, the resulting values of
this measure can be interpreted more easily, e.g. a cosine similarity of 1 indicates that
the similarity was computed between two identical objects (and, by extension, identical
original objects), while the values of the dot product between two vectors can only be
interpreted in comparison to other dot product values. Additionally, this normalization
can make the implementation of downstream tasks easier, since the exact value range for
the similarity values is known.
2https://huggingface.co/docs/transformers/model˙doc/swinv2
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In the following sections, I describe the visualization designs V1-V5 and the corre-
sponding training procedure for the Swin Transformer v2 models.

Visualizing Graphs
In CBR, the quality of the similarity function is very important and should be modeled
according to the particular problem domain (Bergmann and Gil 2014). The inner work-
ings of the ViT model are very complex, and the exact resulting effect of a particular layer
from the input towards the embedding are not very transparent. However, based on
the assumption that a chosen visualization severely impacts the embeddings generated
by a ViT model, visualization is the part of the pipeline which can be adapted to the
problem domain the easiest and should therefore be leveraged to increase the quality of
the similarity values produced by the ViT model and therefore increase the quality of
the retrieval.

Visualization Design V1: Visual Graph Representation Based on Traditional
Hierarchical Node-Link Drawings

Figure 4.1.: Example of graph structure visualization V1: TheAG from the argumentative
microtexts corpus (Peldszus and Stede 2015) on the left is transformed into
the condensed, structure-focused version on the right

The goal of this visualization design is to create a minimal and condensed graph
representation, which focuses solely on the graph structure and offers the ability to
approximate the structure of an underlying AG at a glance.
For the representation of AGs, node-link graph drawings are intuitively suitable, as

the AGs used to evaluate the visualizations only contain fully connected nodes, which
are all connected to the argument’s major claim, and their complexity stays within the
limits of graph drawings.

In alignment with the goal of visualization V1, I follow findings from relevant literature
(see Section 2.7.1) and try to reduce its complexity as much as possible. This is because
it should generally be favorable to maximally reduce the complexity of the problem,

21



4. Argument Graph Retrieval Using Vision-based Structural Similarities

allowing the use of smaller models and training data sets. Added to that, it should
also reduce unwanted bias, which consequently should further reduce the amount of
training samples needed. An example graph visualized using the methods and attributes
explained below can be found in Figure 4.1.

Shapes and text labels

To keep the graph as simple as possible, I only use ellipses (representing I-nodes) and
rhombuses (representing S-nodes) of constant size, without using any other shapes.
Regarding text, while it is possible to process text occurring in images using Vision
Transformers (J Wang et al. 2022, J Li et al. 2022) and even develop a multimodal model
capable of understanding the relations between text and images (J Li et al. 2023, H Liu
et al. 2023), the added complexity of processing and understanding text would likely
require a much larger training data set. Furthermore, label texts are normally used
to represent the relation type of the S-nodes and to display the content of a premise
or claim on the I-nodes. Because I-node labels are not regarded for the vision-based
argumentation structure, relying on text to encode further information is not necessary.

Edge type

In accordance with the literature findings on edge types, I utilize Graphviz’s tapered edge
implementation. An example of this can be found in Figure 4.2. The arrowhead, which
does not have to be drawn for this edge type, should reduce visual clutter, particularly
when dealing with very condensed images where there is little space between important
visual features.

Color

ViT models operate in the RGB color space where a color 𝑐 can be represented as a tuple
𝑐 = (𝑥1 , 𝑥2 , 𝑥3) of color proportions of the elementary colors red, green and blue. As such,
many of the color-based deliberations (see Section 2.7.2) can be simplified. V1 adopts
the important traits of equidistance between colors, constant color intensity, and good
color separability. To ensure a constant color intensity, the sum of the color proportions
can be fixed to a constant 𝑎: ∑𝑖∈{1,2,3} 𝑥𝑖 = 𝑎 with 𝑎 = const. In this case, I chose 𝑎 to be
255. This means that the three elementary colors red (255, 0, 0), green (0, 255, 0), and
blue (0, 0, 255) satisfy these constraints.
Color will be used to encode the type of graph nodes: I-nodes are blue, attacking

S-nodes are red and supporting S-nodes are green.

Visualization technique and layout

V1 is a node-link graph drawing. Regarding the layout, Graphviz’ well-studied dot
engine, which is based on the Sugiyama Framework (Sugiyama et al. 1981), will be
used for V1. However, it should be noted that an alternative layout engine, such as PBF
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Figure 4.2.: Example for an AG from the Microtexts corpus (Peldszus and Stede 2015).
The visualization on the left uses traditional edges; the visualization on the
right uses tapered edges which indicate their direction by a gradual decrease
of edge width from the source to the target node.
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(Lionakis et al. 2023) could be superior and could increase the retrieval quality of the
vision-based similarity pipeline.

Visualization Design V2: Visual Graph Representation using a Radial Layout

Many commonly used graph layout engines, such as hierarchical layouts or force-directed
layouts, produce graphs that match the graph’s overall shape, i.e., when a graph is very
wide, the resulting image will also be very wide. This is not well suited for processing
with a ViT, as its input is generally expected to be square. If a wide image is to be used
as input for a ViT model, it has to be squeezed into the available square dimensions,
which means that ViT cannot work on the original dimensions and instead has to rely on
a distorted visualization.

To generate circular graph visualizations, which do not have to be distorted to fit into a
square input window, I chose Graphviz’ radial layout engine twopi, based onWills (1999).
This layout engine also has the side effect that individual branches of the argument graph
tend to be placed close together when using the visualization, which puts ADUs with a
relation between them closer together. This should help when processing the image with
any vision model. An example for the visualization of an AG using V2 can be found in
Figure 4.3.

Figure 4.3.: Example of graph structure visualization V2: TheAG from the argumentative
microtexts corpus (Peldszus and Stede 2015) on the left is transformed into
the visualization on the right. Note: Although the layout resembles a circle
only for larger graphs, it is already able to spatially group certain related
elements closer together for smaller graphs.

Visualization Design V3: Visual Graph Representation Based on Treemaps

As the arguments evaluated in this thesis are always trees, hierarchical visualizations
such as treemaps can be used. Rectangular treemaps can be guaranteed to be square and
fill out the entire input window of a ViT model. This should increase encoding efficiency
as no space is wasted (i.e., no white-space, which carries no information), improving the
more efficient input space usage of V2. An example of V3 can be found in Figure 4.4.
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Figure 4.4.: Example of graph structure visualization V3: TheAG from the argumentative
microtexts corpus (Peldszus and Stede 2015) on the left is transformed into
the visualization on the right. Here, there are two I-nodes that refer to the
major claim (depth 1; light blue) and one I-node which refers to a child of
the major claim (depth 2; darker blue).

V3 is built on the assumption that the overall structure of an AG is determined by
the form of its branches. This means, for example, that an AG with two equally long
branches has a different structure from an AG with two branches of different lengths or
an AG with three branches.

To represent the structures of the argument graph as a treemap, I focus on the contain-
ment of the I-nodes (i.e., the parent-child relation between I-nodes). The rectangular area
of the nodes is equally divided into smaller rectangles based on the number of children
that this node has. The color of the area represents the depth 𝑑 of this node. This is imple-
mented in Algorithm 2. It works by dividing the original square (with height ℎ, width
𝑤, a position defined by 𝑥 = 0 and 𝑦 = 0 and depth 𝑑 = 0) into |children(major claim)|
rectangles of equal size. Recursively, the area of each child is divided into equal-sized
rectangles and colored according to their depth. Rectangles are defined by the Rectangle
method which takes the position, dimensions, and a value that can be mapped to a
corresponding color. The type of relation between parent and child nodes (i.e., attack or
support) is ignored for V3. As a color palette, I used the tool ColorBrewer 3 (Harrower and
Brewer 2003), which generates color palettes for human viewers based on best practice
from literature.

It should be noted that there are treemap characteristics that might be detrimental to
the training success of the ViT. This includes the high reliance on color contrast (as there
is otherwise no white-space to separate visual features), as well as the fact that shallow
leaf nodes might have a stronger impact on the graph embedding because they occupy a
larger area than the leaf nodes of deeper graph branches.

3https://colorbrewer2.org/
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Algorithm 2Recursive computation of treemap rectangles using anAG’s I-Nodes. It takes
a node, the position (𝑥, 𝑦) and dimension (ℎ, 𝑤) of its allocated rectangle, a node depth
𝑑 and a boolean horizontal, which flips the partitioning direction on every recursion.
procedure Get Treemap Rects(node, 𝑥, 𝑦, ℎ, 𝑤, 𝑑, horizontal)

parts← |children(node)|
if parts = 0 then

return {}
if horizontal then

c width← ⌊ 𝑤
parts⌋

c height← ℎ

else
c width← 𝑤

c height← ⌊ ℎ
parts⌋

res← {}
for idx, child ∈ children(node) do

calculate child position c x, c y according to idx and horizontal
res← res ∪ {Rectangle(c x, c y, c width, c height, 𝑑)}
res← res ∪ Get Treemap Rects(child, c x, c y, . . . , 𝑑 + 1,¬horizontal)

return res

Visualization Design V4: Visual Graph Representation Based on Treemaps (I-Nodes,
Saturated colors)

After analyzing the ViT training results (see Appendix A), it became apparent that the
model is not able to differentiate the different colors used sufficiently and especially
struggles with their proximity to white. Because of this, for iteration V4, I chose to
still use Algorithm 2 to draw the treemaps and only change the color palette to more
saturated colors with a higher contrast. An example for a AG visualization with V4 can
be found in Figure 4.5.

Visualization Design V5: Visual Graph Representation Based on Treemaps (S-Nodes)

V5 builds on the assumption that the branching degree of I-Nodes is secondary to the
overall graph structure, and instead, the visualization should focus on representing the
relations between S-nodes to visually represent serial, linked, or convergent premises
(see Section 2.1). For V5, the following deliberations influenced the visualization design:

• Because of the prior explanations, the basis of the representation will remain a
treemap.

• The colors of the treemap rectangles indicate the type of the corresponding S-node;
in particular, attack nodes are represented by a red area, and support nodes by a
green area.
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Figure 4.5.: Example of graph structure visualization V4: TheAG from the argumentative
microtexts corpus (Peldszus and Stede 2015) on the left is transformed into
the visualization on the right. Here, there are two I-nodes which refer to
the major claim (depth 1; red) and one I-node which refers to a child of the
major claim (depth 2; green).

• It is integral that every S-node is represented. Therefore, instead of the previous
algorithm, where the area of a parent node is generally fully divided into the
rectangles of their children, the parent node claims 10% of the available area, and
only the remaining area is equally divided for the children nodes.

Figure 4.6.: Example of graph structure visualization V5: The Microtexts (Peldszus and
Stede 2015) AG on the left is transformed into the image on the right. Here
the major claim is attacked by premise 1 (red row at the bottom) which is
attacked by premise 2 and 3 (left red column) and supported by premise 4
(right green column).

This is achieved with Algorithm 3. Compared to Algorithm 2, it does not regard the
depths of the nodes, as they are not used to color the rectangles. An example can be
found in Figure 4.6.
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Algorithm 3 Recursive computation of treemap rectangles using an AG’s S-Nodes. It
takes a node, the position (𝑥, 𝑦) and dimension (ℎ, 𝑤) of its allocated rectangle and a
boolean horizontal, which flips the partitioning direction on every recursion.
procedure Get Treemap Rects(node, 𝑥, 𝑦, ℎ, 𝑤, horizontal)

parts← |children snodes(node)|
own width← 𝑤

own height← 0.1 × ℎ

if parts = 0 then
return Rectangle(𝑥, 𝑦, own width, own height,label(node))}

𝑦 = 𝑦 + own height
if horizontal then

c width← ⌊ 𝑤
parts⌋

c height← ℎ × 0.9
else

c width← 𝑤

c height← ⌊ ℎ
parts⌋

res← { Rectangle(𝑥, 𝑦, own width, own height,label(node))}
for idx, child ∈ children(node) do

calculate child position c x, c y according to idx and horizontal
res← res ∪ Get Treemap Rects(child, c x, c y, . . . ,¬horizontal)

return res
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Using visualizations V1-V5 for argument graphs (described inChapter 4) and the training
procedure described below in Section 5.2.1, the performance of the respective visual-
ization designs and the corresponding vision models will be evaluated and compared
to each other, as well as to previous works (Bergmann et al. 2019, Lenz et al. 2019) in a
systemic evaluation.
I also performed three small-scale studies to show the effects of extending a model’s

training, a comparison to the similarities produced by the A* algorithm, as well as the
time scaling properties of the vision pipeline in comparison to A* for large graphs.

5.1. Hypotheses
To answer the research question whether vision-based similarity computation presents a
faster and more scalable alternative to A* search, and to verify the training methodology,
I investigate the following theses in a systematic evaluation:

• H1: The retrieval quality (NDCG, correctness, completeness) achieved through
vision-based structural similarity computation is similar to the retrieval quality of
the A* search from previous work. It does not reduce any of the metrics by more
than 10%.

• H2: Vision-based structural similarity computation significantly reduces retrieval
times, especially for complex AGs.

• H3: The graph visualization technique alters the similarity-based ranking and thus
directly affects the scores of the evaluation metrics.

• H4: The fine-tuned models outperform the models, which are only pre-trained, in
terms of retrieval quality (NDCG, correctness, completeness).

5.2. Experiment Setup
The vision models were trained as described below; the training behavior is described
in Appendix A. To maintain comparability with the results of previous works, I use the
same annotated corpus of argumentative microtexts (Peldszus and Stede 2015) and the
same data set of queries which Bergmann et al. (2019) and Lenz et al. (2019) used. It
contains 24 argument graphs, belonging to 6 different topics, with accompanying expert
rankings. The expert rankings are a relevancy ranking of the argument graphs in the
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corpus that share the query’s topic, ranging from 1.0 (highly relevant) to 3.0 (mostly
irrelevant).

The query data set, called microtexts-retrieval-simple in the following, is constructed out
of 12 trivial queries, containing only a single I-node, as well as 7 queries with one S-node
and 5 queries with two S-nodes.
To evaluate the structural retrieval quality of vision-based similarity computation

on more complex graphs, the same evaluation is carried out additionally on microtexts-
retrieval-complex, a data set containing 12 queries also related to the argumentative micro-
texts corpus with 3-5 S-nodes per query. For this data set, there are no reference values
from previous works.
As the scope of this thesis is to analyze the usefulness of a vision-based structural

argument retrieval, an ideal MAC phase will be simulated by only considering argument
graphs with the same topic as the query. This guarantees a constant starting point for all
ViT models, which is not influenced by any choices related to the MAC phase.

After the simulated MAC phase, the vision-based structural similarity pipeline has the
task of ranking the remaining cases in an order that should be as close as possible to the
order of the expert rankings. Because the number of cases with the same topics as the re-
spective queries is limited, I deviate from the previous works (Lenz et al. 2019, Bergmann
et al. 2019), where the 𝑘 = 10 most similar cases were considered for each query. Instead,
only arguments with a corresponding topic (6-8), i.e., only the relevant arguments, are
considered, which is why the average precision always amounts to 1.0 and is omitted in
the following tables.
The metrics Normalized Discounted Cumulative Gain (NDCG), Correctness (CR),

and Completeness (CP) will be computed for each experiment, as described by Lenz
et al. (2019). The reported metrics are averaged over all queries. Added to that, the
retrieval time in seconds (duration) on an Intel Core i7 8700 is measured, which already
provides a large performance improvement. GPUs could be used to further reduce the
time needed for the embedding phase and cosine similarity computation, however, as
seen in Section 5.6, these phases are already so fast on the CPU that the CPU-exclusive
visualization phase becomes the bottleneck for complex AGs.

5.2.1. Training Swin Transformer v2 Models for V1-V4
For the training of the embedding model, I followed the first two steps of the training
recipe for C-TEM (Xiao et al. 2023), a contemporary text embedding model for the
Chinese language:

1. Pre-training in a self-supervised manor using unlabeled data,

2. General purpose fine-tuning using contrastive learning.

Because the goal of C-TEM was to develop multipurpose embeddings which adapt
to their domain, they proposed a third training step of multitask learning through
instruction-based fine-tuning. However, this is beyond the scope of this thesis, where
the embeddings will only be used in a retrieval context, which is why this third step is
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skipped. Apart from that, they also used labeled data for the third step, which I do not
have access to.
The model is implemented in PyTorchLightning 2.1.1 using the transformers library 1.

Due to the compatibility of the visualization designs V4 and V5, the Swin Transformer v2
models trained for V4 (V4-pt and V4-ft) are also used for the evaluation of visualization
V5.

Pre-Training

In order to pre-train the Swin Transformer v2 model from scratch, I start with a randomly
initialized SwinV2 model, which is pre-trained using an AE approach for 100 epochs on
the data set (see Section 5.2.2). I chose not to use a pre-trained model because popular
pre-training image data sets like ImageNet-22K (Deng et al. 2009) or COCO (Lin et al.
2014) are developed for photo classification tasks and do not contain any images of
graphs. Because of that, pre-training on these data sets might not bring any benefit for
this application, and instead might even lead to unwanted bias and unpredictability.

The Swin Transformer v2 model trained for V1-V4 are based on Microsoft’s tiny Swin
Transformer v2 configuration2 with a patch-size of 4 and an input window of 256x256px
(27.6M parameters). The decoder is a single linear layer (2.4M parameters) that maps
the encoder’s latent representation (i.e., the embedding) to a 32x32px image space.
During training, an ImageProcessor prepares an input image by transforming it into

a vector of pixel values (3 channels x 256 x 256). During this step, potential resizing,
normalization, and conversion to PyTorch tensors are performed. The encoder then
receives these pixel values as input and transforms them into an embedding. For the
tiny Swin Transformer v2 model, these are vectors with 768 entries. The decoder then
transforms this embedding into an image in a smaller image space (32x32px). The loss
of the entire AE is computed by downscaling the original pixel values from 256x256px
to 32x32px and calculating the Mean Squared Error between the raw pixel values.

Fine-Tuning

I adapted the approach of Karpukhin et al. 2020 to implement contrastive learning using
only in-batch negatives. The training model consists of a previously pre-trained Swinv2
ViT model (27.6M parameters) with a simple MLP head (one hidden layer of 4 × 768,
overall 213K parameters).
I implemented the training process very similarly to T Chen et al. (2020b):

1. Each image 𝑥 from the training batch is randomly augmented twice, which gener-
ates two views of every input which represent each others positive pairs: 𝑞, 𝑘.

2. 𝑞 and 𝑘 are encoded using the encoder network (the pre-trained Swin Transformer
v2 model), resulting in the embeddings 𝑒𝑞 and 𝑒𝑘 .

1https://huggingface.co/docs/transformers/index
2https://huggingface.co/microsoft/swinv2-tiny-patch4-window8-256
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3. The embedding dimensionalities are reduced by passing them through an MLP
projection head.

4. The contrastive loss is calculated between every element’s corresponding image
view and every other element in the batch (in-batch negatives) on the reduced
embeddings.

Specifically, after using an ImageProcessor to prepare the images, for a batch of 64
images, 2 contrastive views per image are created. These views are derived from the
original images by using the following transformations:

• random horizontal flips,

• random vertical flips,

• Gaussian Blur

• random crop (an area of 40% - 90% of the original image is resized to the original
dimensions) and

• dropout to simulate random noise.

The first four transforms are derived from the original SimCLR transforms (T Chen et al.
2020a); dropout is inspired by T Gao et al. 2021. It should be noted that color jitter, as
one of the most important transforms (T Chen et al. 2020a) could not be used. This is
because a change of color for a node in V1-V2 or a rectangle (V3-V5) might completely
change its meaning and therefore represent a different graph structure.

After the Swinv2 model transfers every image view to its corresponding embeddings,
they are passed through the MLP head. Afterwards, the loss (see Equation 2.1) between
every pair of corresponding image views and every other image in the batch is computed
and used to optimize the model parameters. As discussed by T Chen et al. (2020b),
the projection head is used during training to prevent the curse of dimensionality when
computing the loss.

5.2.2. Data sets
The training data sets for every model evaluated in Section 5.3 (pre-training and fine-
tuning for a particular visualization design share the same data set) consisted of the
visualizations images generated for the AGs from the AG corpora listed in Table 5.1. The
respective data sets can be found in Table A.1.

For pre-training of the extended Swin Transformer v2 evaluated in Section 5.4, I created
a synthetic data set containing 415640 V4 treemap images after removal of duplicates.
The treemaps themselves have a random depth depth ∈ {1, . . . , 9}, with the area for each
depth divided noSplits ∈ {0, . . . , 𝑆} times with 𝑆 = max{2, 7 − depth}. This generates
treemaps that represent argument graphs with a maximum depth of 9 where a node
has a maximum branching degree of 7. The definition of 𝑆 ensures that the deeper
nodes have a lower branching degree to prevent the deeper nested rectangles in the
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resulting image from getting so small that the vision model ignores them. A small
subset of the data set images can be found in Figure 5.1. The data set can be found
under https://huggingface.co/datasets/kblw/treemap˙sat. The extended
fine-tuning for this model uses the same dataset as the normal V4 fine-tuned model.

Figure 5.1.: A subset of 12 images from the extended pre-training data set. Some sam-
ples only have two or three colors, which indicates that the branches of the
corresponding graphs have a very uniform depth. Other samples represent
very unbalanced graphs and can have areas with a large concentration of
different colored rectangles.

5.3. Results and Discussion
The results for structural argument retrieval using the simple queries data set of all
visualizations V1-V5, using their respective models, can be found in Table 5.2.

Noticeably, the Completeness of all models and visualizations is 1.0. This is because
the simulated MAC phase retrieves all relevant documents and a ViT model with a
high enough latent dimension generally maps different inputs on different embeddings,
similar to a hashing function. This means that < generally defines a total order on the
embeddings of the retrieved argument graphs, because of which every possible pair of
the reference ranking is generally included in the produced ranking.
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Data set Source Description

Kialo Graph-NLI Agarwal et al. 2022 Graphs model discussion trees on
Kialo, an online debates platform

Araucaria Reed 2006 Corpus of analyzed argumentation,
constucted using the Araucaria tool

IAC Walker et al. 2012 A corpus for research on deliberation
and debate

QT30 Hautli-Janisz et al. 2022 Argument and conflict in broadcast
debate

US2016 Visser et al. 2020 Television debates and social media
reactions to the 2016 US presidential
elections

Persuasive Essays Stab and Gurevych 2017 Annotated persuasive essays
Table 5.1.: Argument graph corpora used to construct my general training data set

However, the values of the Correctness metrics are much worse than those achieved
using A*, showing that although the produced ranking includes the required pairs, their
order often contradicts the reference ranking.

Regarding Ndcg, the deviations between different visualizations and models are very
small, although V5 marginally outperforms the other visualizations. Compared to the
values reported by Lenz et al. (2019), the advantage of vision-based similarities does not
indicate better retrieval quality, but is explained by the simulated ideal MAC phase. As
only the relevant argument graphs are retrieved, the value of Ndcg is skewed upward
before the FAC phase even occurs. Because of this, an inverted expert ranking as the
worst possible ranking achieves a Ndcg of 0.80644 (simple queries) 0.78402 (complex
queries), which sets the lower bounds of Ndcg in this scenario.

Regarding Duration, it is apparent that the vision-based computation is much faster,
saving around 91.5% (Exact Scheme Match) or 93.7% (Onto. Sim) of computation time,
respectively, in comparison with A* search. When using a case base with more complex
argument graphs, the time complexity for A* search scales much worse with graph
complexity than the vision-based structural similarity pipeline (see also Section 5.6). V1,
using Graphviz’ dot engine is the slowest visualization design on average.

Comparing the Ndcg and Correctness of fine-tuned models to those, which are only
pre-trained, no general statement about the effects of fine-tuning on retrieval quality
can be made. This is because for some visualizations fine-tuning results in an improved
retrieval quality (V1, V5), while there are other visualizations where it even hurts quality
(V3, V4).

The results for structural argument retrieval using complex queries data set of all
visualizations V1-V5, using their respective models, can be found in Table 5.3.

For the same reason as with the simple queries data set, the completeness is 1.0
regardless of the visualization or model used. However, there are large gains in regard to
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Table 5.2.: Results of structure-based retrieval using V1-V5 on simple queries in compari-
son to the best results of previous works including argumentation schemes.
The vision models reported include only pre-trained models (PT), as well as
pre-trained and fine-tuned models (FT).

Experiment Ndcg Correctness Completeness Duration(s)
V1-PT-simple 0.908 0.064 1.000 1.776
V1-FT-simple 0.911 0.095 1.000 2.277
V2-PT-simple 0.913 0.013 1.000 1.608
V2-FT-simple 0.905 0.025 1.000 1.613
V3-PT-simple 0.901 0.027 1.000 1.596
V3-FT-simple 0.901 −0.011 1.000 1.592
V4-PT-simple 0.908 0.078 1.000 1.632
V4-FT-simple 0.907 0.043 1.000 1.608
V5-PT-simple+ 0.914 0.066 1.000 1.617
V5-FT-simple+ 0.914 0.068 1.000 1.630
DV

⊕
FT

⊕
DV (Ex. Scheme Match)* 0.859 0.252 0.943 19.830

DV
⊕

FT
⊕

DV (Onto. Sim)* 0.861 0.216 0.943 27.096
* as reported by Lenz et al. (2019)
+ evaluation performed using V4 models

Ndcg and especially Correctness. Noticeably, V2-FT outperforms the other visualization
in all retrieval quality metrics, while also providing the fastest retrieval time. For this
visualization, fine-tuning also brings large quality gains, representing the largest fine-
tuning gain of 0.04 for Ndcg and 0.2 for correctness.

Comparing V5 to V3-V4 clearly shows that S-nodes treemaps capture the structure of
an argument graph much better than I-nodes. However, the poor retrieval quality of V4
compared to V3, which encodes exactly the same information using more desaturated
colors, is unexpected.

Comparing the Ndcg and Correctness of fine-tuned models to those, which are only
pre-trained, fine-tuning increases both metrics for almost every visualization design
(V1-V4) and only the Ndcg value for V5 drops.

Impact of graph complexity
Comparing the simple query results to the complex query results, we see that the retrieval
duration scales linearly with the number of requests, while the small increase in query
complexity does not have any noticeable effects. It is also apparent that the visualizations
and vision models perform much better (with respect to Correctness) on the complex
query data set, especially using fine-tuned models, resulting in gains from 0.08 to 0.72.
Even considering Ndcg, for all visualizations except V4 retrieval quality is improved on
the complex queries with gains from 0.002 up to 0.2.
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This is expected as the complex queries carrymore informationwhich can be visualized
and embedded. Especially for the trivial cases, with 0 S-nodes, V1 and V2 only visualize a
single blue circle, which does not enable the derivation of anymeaningful graph structure,
as every argument graph form the corpus contains at least one I-node. Therefore, the
similarity calculated between this visualization and the graphs in the case base is arbitrary
and does not carry any meaning.

This problem also occurs for the treemap visualization V3-V5. For the 12 queries with
one S-node, V3-V5 produce a blank (white) image, and for the queries with one S-node,
they produce a unicolored image, providing no information that may help the vision
model to compare the queries to the case base graphs structurally.

This shows that ViT models need a minimum of information encoded in the visualiza-
tion of the queries to be able to perform a good retrieval. Overall, hypothesis H1 has

Table 5.3.: Results of structure-based retrieval using V1-V5 on complex queries. The
vision models reported include only pre-trained models (PT), as well as pre-
trained and fine-tuned models (FT).

Experiment Ndcg Correctness Completeness Duration(s)
V1-PT-complex 0.954 0.535 1.000 1.253
V1-FT-complex 0.958 0.687 1.000 0.948
V2-PT-complex 0.931 0.536 1.000 0.976
V2-FT-complex 0.977 0.751 1.000 0.950
V3-PT-complex 0.904 0.308 1.000 0.966
V3-FT-complex 0.913 0.432 1.000 0.962
V4-PT-complex 0.888 0.155 1.000 0.968
V4-FT-complex 0.888 0.157 1.000 0.963
V5-PT-complex+ 0.933 0.381 1.000 0.993
V5-FT-complex+ 0.924 0.404 1.000 0.965

+ evaluation performed using V4 models

to be discarded as the vision-based structural similarity pipeline led to a much worse
retrieval quality than A* search for simple queries, with even the best correctness value
representing a decrease of about 50%. However, it is plausible, when looking at the large
gains in retrieval quality for complex queries, that vision-based similarity computation
can lead to a retrieval quality that is at least similar to A* search, if the AG and therefore
the visualization yield enough information to sufficiently distinguish the AGs.
Hypothesis H2 can clearly be accepted based on the durations reported in Tables 5.2

and 5.3 and the scaling which can be seen in Section 5.6.
Hypothesis H3 can be partly accepted, as the results show that the visualization design

significantly impacts the retrieval quality for complex queries, resulting in a Correctness
gain of 0.596 and a Ndcg gain of 8.9% between V4-FT and V2-FT as the worst and best
fine-tuned models, respectively. However, in the case of simple queries, the Ndcg values
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do not differ significantly (maximally by 1.3%), which is why H3 has to be discarded for
these queries.

Hypothesis H4 has to be discarded, as there are two experiments, where the pre-trained
model clearly outperformed the fine-tuned model for simple queries. However, because
almost all visualizations experienced an advantage from fine-tuning on the complex
queries, it is plausible that H4 could be accepted for even more complex AGs.

Finally, it should be noted that the information loss that comes from discarding the
S-nodes for V3 and V4, or discarding the I-nodes in V5 is clearly detrimental to the
retrieval quality for complex queries, which results in V1 and V2 clearly outperforming
V3-V5 even though their training behavior was superior (see Appendix A) which shows
that the training behavior, even when using identical model architectures, is a bad
indicator for downstream task performance in this case.

5.4. Retrieval Performance for Extended Training
To evaluate the improvements from longer training, I trained a Swin Transformer v2 from
scratch using a much larger pre-training data set (see Section 5.2.2) and more epochs
(1000 instead of 100) for fine-tuning. The model is trained on V4 visualizations and is
compatible with V4 and V5 images.

Results

Table 5.4.: Results of structure-based retrieval using V5 after extended training

Experiment Ndcg Correctness Completeness Duration(s)
V5-ext-PT-simple 0.919 0.109 1.000 1.801
V5-ext-FT-simple 0.919 0.077 1.000 1.596
V5-ext-PT-complex 0.945 0.553 1.000 1.057
V5-ext-FT-complex 0.955 0.649 1.000 0.957

It can be clearly seen that the extended training improves the retrieval quality. For
simple queries, it improves Ndcg by 0.005 and Correctness by at least 0.009; for complex
queries, it improves Ndcg by at least 0.012 and Correctness by at least 0.172. Regarding
simple queries, the pre-trained extendedmodel using V5 graph images is able to improve
all retrieval quality metrics and even surpasses V1-FT-simple in terms of correctness.
However, for simple queries, fine-tuning does not increase the retrieval quality of the
extended model, even though it did so for the base model, where V5-FT outperformed
V5-PT for simple queries.

For complex queries, the extended training improved on the results of the base model;
however, both models (V5-ext-PT and V5-ext-FT) were still not able to overcome the
original V2-FT.
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5.5. Qualitative Impact of Graph Changes on Vision-based
Similarities vs. A* Similarities

To compare the quality of the structural similarity of argument graphs produced by my
ViT approach against those produced by the A* computation, I chose a base argument
graph from the argumentative microtexts corpus and produced four derivative graphs
with a different alteration of a single S-node. The base graph and its derivatives can be
seen in Figure 5.2, D1-D3 are produced by swapping one of the 3 S-nodes; D4 is produced
by eliminating the only positive S-node and its child. This results in D1 and D3 still
having two attack S-nodes and one support S-node, but with different placements, while
D2 and D4 now only have attack S-nodes (3 S-nodes for D2, 2 S-nodes for D4).

The structural similarity calculation for ViT similarities is carried out using visualiza-
tion V5 (the resulting graph visualizations can be found in Figure 5.3) and the extended
fine-tuned Swinv2 model from Section 5.4. The similarity values for A* are computed
as the normalized sum of node and edge similarities between the derivative graph as
query argument (𝑄) and the base graph as case argument (𝐶) as described by Lenz et al.
(2019). In this case, the best mapping between the graphs is the identity: 𝑚 : 𝑄 → 𝐶 = 1.
The resulting similarity values for both approaches can be found in Table 5.5. Analyzing

Figure 5.2.: Base graph and selected derivatives with one altered S-nodes for a qualitative
study of vision-based similarities

these similarities, it can be seen that the embeddings produced by the ViT model tend to
be very similar, hence the computed similarities are all very high and do not differ before
the third decimal. Because all derivatives can be produced from the base graph with the
alteration of a single S-node, the almost equally high similarity for all derivatives could
be conceptually more reasonable than the A* similarity, which clearly separates D4 from
D1-D3 in this case. However, when comparing the base graph with the more complex
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Figure 5.3.: Resulting V5 visualizations of the base graph and its derivatives for a quali-
tative study of vision-based similarities

Derivative Sim. to Base Graph (V5) Sim. to Base Graph (A*)
D1 0.992 75 0.866 67
D2 0.991 83 0.866 67
D3 0.992 84 0.866 67
D4 0.991 823 0.733 33
M (Figure 5.4) 0.991 561
C (Figure 5.4) 0.991 932

Table 5.5.: Impact on the similarity when altering one graph node, using the vision-based
approach vs. A*

graphs shown in Figure 5.4, the medium graph still produces a similarity of 0.99156 and
the complex graph 0.99193. This unexpectedly makes the complex graph more similar
to the base graph than the medium graph or D4.

Although the complex graph is probably already too complex for the V5 visualization
with only an area of 256×256px (some of the areas already get so small that they form
overarching black areas instead of being distinguishable as red or green), this also
highlights the problem of unexpected interactions between embeddings produced by a
Transformer model.

Together with the assumption that ViT models need a minimum level of information
to be able to produce meaningful embeddings from Section 5.3, this suggests that there is
an optimal query complexity for vision-based structural similarity computation. Below
this optimal complexity, queries do not provide enough information, rendering the
computed similarities arbitrary, and above this optimal complexity, the space-confined
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visualizations and corresponding ViT models fail to clearly distinguish between different
graphs.

Figure 5.4.: V5 visualization of a medium graph (M) with 29 (left) and a complex graph
(C) with 693 (right) S-nodes from the Kialo-GraphNLI data set (Agarwal
et al. 2022)

5.6. Processing large Argument Graphs using a Vision-based
Approach vs. A*

In this study, I evaluate how the graph complexity (measured by the number of the
graph’s S-nodes) affects the computation time of structural similarity. Let 𝑥, 𝑦 be argu-
ment graphs with |𝑥 |, |𝑦 | denoting their respective numbers of S-nodes.
To study graph complexity scaling, I chose 53 graphs from the Kialo GraphNLI data

set (Agarwal et al. 2022) making up the set of queries 𝑄 with 𝑛 = |𝑥 | ∈ {4, . . . , 57} for
𝑥 ∈ 𝑄. The set of case base arguments CB consists of a single argument graph 𝑦 with
|𝑦 | = 20. As the case base graph’s complexity is constant, this setup allows studying
the impact of increasing graph complexity on retrieval time in isolation. In this study,
visualization V5 and the extended fine-tuned Swinv2 model from Section 5.4 are used to
represent the vision-based approach. A*-based similarity computation is represented by
its implementation in Arguelauncher3. The MAC phase and evaluation are disabled to
only measure the time needed for the graph-based similarity computation.

Vision-based similarity computation requires the 3 steps outlined in Section 4.3: visu-
alization, embedding, and cosine similarity calculation. The scaling behaviors of each of
these steps can be seen in Figure 5.5. The embedding step, as well as the cosine similarity
calculation, require constant time and are not influenced by the complexity of the input
graphs. The visualization time increases linearly with graph complexity, even though
there are several outliers. These could be caused by deviations in the size of the AG
files, which are completely loaded, although only the information about the S-nodes is
considered to visualize the AG.
For a practical implementation of an argumentation machine, the linear scaling of

visualization in respect to graph complexity is likely not a problem, as only the query has
to be visualized, whereas the case base graphs visualizations and embeddings can be pre-
computed at store time. Additionally, the visualization time increases relatively slowly,
3https://github.com/recap-utr/arguelauncher
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by about 0.96ms per S-node, which means that even a very large argument graph with
10000 S-nodes should only take about 9.65s, making the system capable of visualizing
and processing very complex queries for structural argument retrieval.

Figure 5.5.: Computation times for the separate steps of vision-based structural graph
similarity computation for argument graphs with 4 to 124 S-nodes

For comparison, Figure 5.6 shows the full structural similarity computation for both
the vision-based approach and and compares it to the graph-based A* similarity com-
putation. Although both techniques struggle with outliers of longer computation time,
the computation time for the vision-based approach is far more consistent, as it has only
one noticeable spike, where the argument graph with 8 S-nodes takes 54% longer than
its predecessor. On the other hand, the largest of the 4 spikes for A* increases the time
needed to process the graph with 37 S-nodes by 4000% over its predecessor.

Regarding the absolute times for both approaches, it is apparent that A* is not viable
for retrieval of complex arguments in a production argumentation machine, as a single
comparison between an argument graph with 20 S-nodes, and an argument graph with
more than 11 S-nodes takes at least 50s. After 30 S-nodes, the time for a single similarity
computation explodes to over 1000s.

5.7. Limitations
The following limitations should be noted regarding the results of the evaluation above:

Regarding the compatibility between V4 and V5
Based on the assumption that models trained on V4 should be compatible with V5, I used
the models trained with V4 samples for the evaluation of V5 images. However, there
are two crucial differences between the visualizations. V4 images use more colors (9
colors, representing node depth) than V5 (2 colors, representing the type of S-nodes) in
my implementation; additionally, in visualization design V5 parent nodes always claim
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Figure 5.6.: Comparison of structural similarity computation time between vision-based
approach and A*. Note: Vision-based time is scaled from 0.1 to 0.25 s, but A*
is scaled from 0 to 14000s.

10% of the available space instead of being fully divided into the areas of their children,
creating a different overall layout.
Training a vision model for visualization V5 with the bigger color selection of V4

could improve generalization for additional, similar treemap representations, but could
also result in the vision model using only a limited part of the entire latent space to
represent V5 images, which is known to produce sub-optimal results (El-Nouby et al.
2021). Because of this risk and the slightly different overall layout, it seems probable that
a higher retrieval quality could be achieved through pre-training, or at least fine-tuning
a vision model on V5 specific images.

Regarding the retrieval quality for large argument graphs
The scaling study in Section 5.6 disregards the quality of the retrieval for these larger
AGs. It is probable that the competitive results for small graphs (Section 5.3) do not
transfer directly to large AGs. Especially, the increasingly small treemap rectangles for
deeper nodes of large argument graphs might make distinguishing between two different
AGs using a vision model very hard, and could therefore be detrimental to the retrieval
quality achievable in this setting.
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Regarding visualization design
As shown in the evaluation, the performance in terms of precision and recall of my
approach depends heavily on the visual representation of the argument graphs used.
In order to represent the graphs in a compressed format, I made simplifications, for
the traditional graph drawing and especially for the treemap visualizations. These
simplifications introduce information loss, and the visualizations examined in this thesis
might be subpar, depending on the concrete task. Especially, AGs which contain cycles
cannot be displayed with the tree-based visualizations V3-V5 that I explored, even if AIF
explicitly allows them (Chesñevar et al. 2006). Furthermore, as highlighted in Section 5.6
and Section 5.5, the treemap designs evaluated in this thesis struggle to represent very
large AGs in the limited input window of a vision model, because the areas allocated for
deeper nodes decreases rapidly.

Regarding model architecture and training data sets
While I already show in Section 5.4 that a longer training period can improve the model’s
retrieval quality, I expect there to be an additional improvement in increasing the model
size and constructing a larger, more comprehensive data set for pre-training and fine-
tuning the models. Especially, compared to work focused on contemporary vision
models (Z Liu et al. 2021a; Oquab et al. 2024), a model size of only 27.6M parameters
and training data sets with around 5000 or 416K samples, respectively, may severely limit
the capabilities of the resulting ViT model.
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In this thesis, I proposed a vision-based structural similarity pipeline for argument graph
retrieval, which works by visualizing AGs, embedding these visualizations with a vision
model, and computing the 𝑘-nearest neighbors through cosine similarity. The research
question whether vision-based argument retrieval can provide a faster and more scalable
alternative to A* search for structural AG retrieval can be affirmed; however, not every
use case allows for the effective use of the vision-based approach.

Concretely, this thesis shows that it is possible to conceptualize specialized visualiza-
tion designs, which are capable of capturing the structure of AGs to some degree. These
visualizations can then be used to train a ViT model to deliver a promising retrieval
quality for complex argumentative microtexts queries. However, the finding in the eval-
uation suggests that there may be a limited ideal graph complexity range, defined by the
number of S-nodes of an AG, below and above which the computed similarities from
the pipeline only have limited significance. Furthermore, the training of the ViT models
becomes unpredictable under this threshold, as can be seen in the decreased retrieval
quality of some fine-tuned models for the simple microtexts queries.

Regarding efficiency and scaling, the use of embeddings allows storing a uniform,
query-independent representation of the original argument, which can be pre-computed
to allow for fast comparisons even across large case bases. Because of this, the vision-
based pipeline is able to improve computation times for complex graphs (see Section
5.6) by several orders of magnitude. This opens up the new possibility of utilizing the
vision-based pipeline as a structural similarity MAC phase to pre-filter the AGs on a
structural level, which could then be ranked by the more accurate A* search. Especially
in use cases, where no contentual pre-filtering can be performed, because the user does
not want to semantically limit the retrieval results, this might prove very useful and
could be explored in future work. However, the qualitative study performed as part of
my evaluation also showed the pitfall of Transformer models, where the model output
may be inexplicable, potentially resulting in poor recall for a subsequent A*-based FAC
phase.

Future Work Incorporating Argumentation Schemes
Argument schemes can be seen as local argument structures, representing the relation
between two ADUs (see Section 2.1). However, in this thesis, the exact argumentation
schemes which might have been applied in particular arguments were not used; instead,
only the general type of S-nodes (i.e., support or attack) influenced the visualization
of an AG. Through this simplification, potentially important information is lost, which
might be highly relevant when trying to retrieve arguments based on a convincing
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argumentation structure. For example, a user might search for arguments where an
argument from analogy is challenged by an argument from a position to know.

Although visualizations V1, V2 and V5 could support encoding the labels of S-nodes,
e.g., through the use of different colors, the visualization designs and the corresponding
visualization codes would have to be adapted to fit this requirement. This also brings new
challenges, as encoding each known argumentation scheme using individual, equidistant
colors might make distinguishing these colors from each other too challenging for a
vision model, similarly to the hues of blue used for V3. Because of this, the use of an
ontology to only represent themost important supercategories of argumentation schemes
appears more promising. To implement this, the previous work of Lenz et al. (2019) and
Walton and Macagno (2015), as well as the literature on visualization design cited in
this thesis, can be considered.

Future Work on Visualization Design
As noted in the limitations of the evaluation, the results achievable through vision-based
argument retrieval depend heavily on the visualization design used to represent the
structure of the argument graphs. Future work on suitable visualization designs should
focus on optimally using the inputwindows of visionmodels by preventing large amounts
of white-space similar to treemaps. However, they should ideally also allocate the same
area for each visual feature (similar to how node-link graph drawings use uniform node
sizes) to prevent bias caused by overly large areas compared to the decreasing size of the
areas for deeper graph nodes, as exhibited by visualizations V3-V5. Finding an optimal
visualization design could improve the retrieval quality of the evaluated argumentative
microtexts corpus, but would be especially relevant for processing very large AGs.
There exists literature on visualizing large graphs (Hu and Shi 2015; Kornaropoulos

and Tollis 2012; J Tang et al. 2016; Wills 1999) and GrouseFlocks (Munzner 2014) or similar
hierarchical visualizations could also be considered. However, visualization designs are
not focused on optimal interpretability for a vision model. Several works that analyze
the inner workings of ViT models (Bhojanapalli et al. 2021; Ma et al. 2023; Zhou et al.
2022) may provide additional insights for suitable visualizations beyond those reached
in this thesis. Furthermore, alternative layout engines, such as PBF (Lionakis et al. 2023))
could be explored.

Future Work on Optimizing the Vision Model
As mentioned in the limitations of the evaluation carried out in this thesis, the ViT model
itself (in terms of the number of training parameters) and the training data set were
very small. Due to the impressive scaling of ViT models with respect to both of these
properties (Dosovitskiy et al. 2021; Z Liu et al. 2021a), increasing both could result
in a noticeable increase in retrieval quality, without changing the training recipe or
the operating principle of the vision-based retrieval pipeline. Especially swapping the
Swin Transformer v2 configuration from SwinV2-Tiny (27.6M parameters) to SwinV2-L
(197M parameters) or SwinV2-G (3B parameters) (Z Liu et al. 2021a) and synthetically
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generating a bigger pre-training data set (e.g. similar to the procedure described in
Section 5.2.2 for the extended training)would probably be the simplest way to accomplish
this. Additionally, argument mining approaches (Lenz et al. 2020) could be used to
create a larger training corpus based on real arguments.

However, there are also many techniques to improve contrastive learning performance
that were not evaluated in this thesis, including hard-mined and cross-batch negatives
(Asai et al. 2022; Khan et al. 2022; Qu et al. 2020; L Wang et al. 2022a) and regularization
of the output feature space (El-Nouby et al. 2021). Through these techniques, the training
of the ViT model should result in a more effective embedding model and increase the
retrieval quality.
Furthermore, contrastive learning holds the following challenges:

• For this approach to be effective, the batch sizes have to be very large (preferably
between 512-4096, T Chen et al. 2020a).

• A sample 𝑥− ∈ 𝑋− may be a false negative, that is, 𝑥− is actually similar to 𝑥,
however, according to the training objective, it will be further apart from 𝑥 in the
embedding space.

These aspects can make contrastive training unstable and very resource-intensive. As an
alternative, model distillation could be explored Grill et al. (2020) and Tian et al. (2021),
eliminating the need for contrastive pairs.

Future Work on Optimizing the Retrieval Process
For the evaluations in this thesis, a precise K-NN search based on cosine similarity is im-
plemented. This already helps to alleviate long search times of A* search, especially since
the dimensionality is a fixed value (768 in my implementation), and cosine similarity is
an operation which can be very efficiently parallelized on highly capable GPUs. However,
for very large case bases, containing millions of argument graphs, the cosine similarity
computation could become the bottleneck for argument retrieval. The use of fixed-size
embeddings allows the use of modern specialized vector databases (e.g. Qdrant1) with
efficient indexing structures based on approximate nearest-neighbor algorithms. These
algorithms are very well studied (Arya et al. 1998; Indyk and Motwani 1998; T Liu et al.
2004; Malkov and Yashunin 2018) and should allow for a noticeable improvement in
computation times for very large case bases if additional retrieval inaccuracies can be
tolerated. This could be the key factor to enable structural argument retrieval on a very
large scale.

1https://qdrant.tech/
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The training for the models was performed as described in Section 5.2.1. Both pre-
training and fine-tuning were performed on the same data set (see Table 5.1). The
argumentative microtexts corpus was used as the validation data set. The model for
every visualization was trained for 100 epochs on a single Nvidia V100 GPU. As V5 is
assumed to be compatible to V4, no extra models are trained for this visualization design.
Note: Each data set was deduplicated using fclones1 before being used in training.

Because some visualizations contain more simplifications, they are more likely to map
different argument graphs on the same image, resulting in their data sets containing
more duplicates, which were eliminated before training. The resulting data sets can be
found in Table A.1.

Visualization Data set Number of images
V1 kblw/graphimages dot 4809
V2 kblw/graphimages twopi 4793
V3 kblw/treemap weak ft 2323
V4 kblw/treemap sat ft 2587

Table A.1.: Data sets used for training the ViT models on visualizations V1-V4

The models are pre-trained using an Adam optimizer with a learning rate of 0.001 and
a ReduceLROnPlateau scheduler. For fine-tuning, an AdamW optimizer (learning rate:
0.005) with a CosineAnnealingLR scheduler (𝑡 𝑚𝑎𝑥 : 100, 𝑒𝑡𝑎 𝑚𝑖𝑛 : 0.0001) is used.
Figure A.1 shows the loss throughout the pre-training processes of V1-V4. In particular,
the two treemap visualizations are more suitable for training a ViT model. They converge
faster and maintain a much smaller reconstruction loss for the training and validation
data set throughout the pre-training process. Nevertheless, the training for all models
converges and, therefore, succeeds. There also seems to be no overfitting as the losses
for the training and the validation data set are very similar. As for the fine-tuning runs,
the results are not that clear. While random fluctuations decrease, no clear downward
trend, and therefore no clear convergence of the models can be identified. Especially the
validation loss stays nearly constant. V3 is the only visualization that shows an upward
trend regarding the top-5 accuracy on the validation data set. Nevertheless, none of the
fine-tuning runs shows satisfactory training behavior. As the training mechanism has
been successfully validated on the CIFAR-10 data set (Krizhevsky 2009), which contains
60000 photos of real-life objects such as airplanes or trucks, this indicates that either
1https://github.com/pkolaczk/fclones
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the visualizations themselves are not suitable for contrastive learning (e.g., because the
images are too similar to one another), or the contrastive transformations used for the
two different views of each image are not suitable. This is likely to be at least part of the
problem, as Xie et al. (2022) have already shown that contrastive learning on images is
very sensitive to the transformations used to create the different views and especially
color-jitter is important, which cannot be used for my graph visualizations.
In the following sections, I will present the reconstruction behavior of the trained

models during pre-training.

A.1. V1
When looking at the model reconstructions in Figure A.3, it is evident that the model
successfully reconstructs the original samples (S1-S4). However, as assumed in Chapter 4,
visualization features that aremuch smaller than others (in this case, the edges connecting
the graph nodes) seem to be completely ignored. Another interesting observation to
point out is that themodel draws nodes in turquoise (especially when processing random
inputs R1 and R2), even though this color is not present in any of the training samples.
Furthermore, the uniform red input (P2) does not result in a reconstruction with mostly
red nodes. However, the reconstruction of the color gradient (P4) as part of the image
patterns shows that the model seems to develop a good sense of locality and is able to
place the colors it is able to use in a similar location to the original. Although the patterns
(P1-4) and random inputs (R1, R2) are outside the training distribution and share almost
no similarity, most of their reconstructions (apart from PR3 and PR4) resemble graph
drawings of densely packed argument graphs.

Challenges faced in Training
Overall generated image. As can be seen in Figure 4.1, the generated image contains
the important characteristics of the actual graph structure consisting of graph elements
(nodes and edges), while the background is white. Due to the Graphviz configuration
(node sizes, node margins) and the layout algorithm, a large portion of the image is
taken up by the uni-colored background, which carries no information.
Graph Layout. Depending on the graph, Graphviz’ dot engine may produce very
imbalanced graphs where one dimension of the resulting image is several times larger
than the other (i. e. a very deep or verywide graph). As visionmodels expect a quadratic
input size (e.g. 256x256 pixels), the image has to be resized so it can be processed. This
leads to small image features being further compressed, further amplifying the first
problem.

A.2. V2
Regarding model’s reconstructions in Figure A.4, visualization V2 seems to result in
improved reconstructions compared with V1, as more reconstructions for image patterns
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are more consistent with expectations. Especially the uniformly red image (P2) results in
a mostly red reconstruction, and the color gradient (P4) locality seems to have improved.
Noticeably, because twopi is a radial layout model, which is apparent for large graphs, its
reconstruction for out-of-distribution data (P1-P4, R1, R2) is centered in a circle around
the image center. However, the graph edges are still ignored, and themodel still produces
colors that were not seen in training.

A.3. V3
Regarding model’s reconstructions in Figure A.5, it is apparent that the desaturated
colors used for small node depths of the original argument graph, together with the thin
black lines separating different areas in the treemaps are not suitable to be consistently
recognized by the ViT model (see SR1, SR4).

Because of this weakness, the model also fails to grasp which rules have to apply for a
valid argument graph visualization (i.e., the visualization is composed only out of rect-
angles; this means every black line has to divide the entirety of its parent). Although the
reconstructions of out-of-distribution images (especially P4, R1, R2) resemble argument
graph visualizations, the model already fails to reconstruct 2 vertical lines for S1 and
also fails to reconstruct any of the vertical lines for the more complex S4. On the topic of
color, the model seems to produce only colors which are reasonably similar to the colors
found in training samples and only color areas in hues of blue.

A.4. V4
Regarding model’s reconstructions in Figure A.6, V3s problem of attending to the thin
black lines separating two equally colored rectangles persists. However, when there is
a high contrast (i.e., separation of a red from a green rectangle), the reconstruction is
perfect, indicating that this plays a large role in the model’s ability to differentiate two
areas. Additionally, all reconstructions of the training samples seen in the figure are
valid argument graph visualizations. From the argument graphs S1-S4, it also seems,
as if visualization V4 reconstructs vertical separation more faithfully than horizontal
separations.
On the topic of color, V4 seems to remain largely faithful to the colors found in the

original training samples, only producing one image (P1) where turquoise is again
produced even though it is not part of any sample.

A.5. V4, Extended Training
For pre-training, the same tiny Swinv2 model as previously is trained from scratch for
100 epochs on the kblw/treemap sat data set. This data set was built by generating
9̃00k random treemaps using the procedure described in Section 5.4, which were then
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deduplicated to 415640 samples. 90% of the data set is used for training, while the
remaining 10% is used as a validation data set.

The training behavior can be seen in Figure A.7 and shows a fast convergence, similar to
the normal pre-training run, and a successful training. The similar losses for the training
and the validation data sets are very similar, which shows the absence of overfitting here
as well.

The fine-tuning is executed on the resulting model from the previous pre-training step.
In contrast to the extended pre-training, the extended fine-tuning uses the same dataset
(kblw/treemap sat ft) as the normal fine-tuning run, however, it is performed for 1000
epochs instead of 100 epochs.

Like in the normal fine-tuning run, no clear downward trend or convergence is visible.
Although there is a spike in training loss at around 22k training steps, this spike does
not affect validation loss. When looking at the steady upward trend in top-five accuracy
on the validation data set, it is apparent that the training has an effect on the model’s
performance even though the absolute loss value is no good indication for this.
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Figure A.1.: Training metrics during pre-training of the 4 Swin Transformer v2 models
for V1-V4
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Figure A.2.: Training metrics during fine-tuning of the 4 Swin Transformer v2 models
for V1-V4
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Figure A.3.: Training samples and their reconstructions from the pre-trained V1 Swin
Transformer v2 model. Input images: training samples (S), random inputs
(R) and patterns (P). SR, RR and PR mark the corresponding model recon-
structions.
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Figure A.4.: Training samples and their reconstructions from the pre-trained V2 Swin
Transformer v2 model. Input images: training samples (S), random inputs
(R) and patterns (P). SR, RR and PR mark the corresponding model recon-
structions.
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Figure A.5.: Training samples and their reconstructions from the pre-trained V3 Swin
Transformer v2 model. Input images: training samples (S), random inputs
(R) and patterns (P). SR, RR and PR mark the corresponding model recon-
structions.
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Figure A.6.: Training samples and their reconstructions from the pre-trained V4 Swin
Transformer v2 model. Input images: training samples (S), random inputs
(R) and patterns (P). SR, RR and PR mark the corresponding model recon-
structions.

56



A. Training results

Figure A.7.: Training behavior of extended pre-training for V4
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A. Training results

Figure A.8.: Training behavior of extended fine-tuning for V4
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