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Abstract

Online communities have become essential digital third places for socialization and sup-
port, yet they also possess toxicity, echo chambers, and misinformation. Mitigating these
harms requires computational models that can understand the nuance of online interac-
tions to accurately detect harmful content such as toxicity and norm violation. This is
difficult because the meaning of an individual post is rarely self-contained; it is dynami-
cally constructed through the interplay of what is written (textual content) and where it
is posted (social structure). We require models that effectively fuse these two signals to
generate representations for online entities such as posts, users, and communities.

Current approaches often treat these different signals in isolation: text-only models
analyze content but miss the local social norms that define acceptable behavior, while
structure-only models map relationships but ignore the semantic content of discussions.
Recent hybrid approaches attempt to bridge this gap but some rely on simple text averaging
mechanisms to represent a user and a community, and in so doing flatten the rich, norm-
defining identity.

To address this limitation, this thesis proposes GASTON (Graph-Aware Social Trans-
former for Online Networks), a graph learning framework designed to capture the essence
of online social networks. It does so by modeling connections between all online entities,
such as users, communities, and text. This makes it possible to ground user and text
representations in their local norms, providing the necessary context to accurately classify
behaviour in downstream tasks. The heart of our solution is a contrastive initialization
strategy which pre-trains community representations based on user membership patterns,
effectively capturing the unique signature of a community’s user base before the model
processes any text. This allows GASTON to distinguish between communities (e.g., a
support group vs. a hate group) based on who interacts there, even if they share similar
vocabulary.

We evaluate GASTON across a diverse set of socially-aware downstream tasks, includ-
ing mental health stress detection, toxicity scoring, and norm violation detection. Our ex-
periments demonstrate that GASTON outperforms state-of-the-art baselines, particularly
in tasks where social context is critical for classification, such as detecting norm violations
(achieving a nearly 40% performance improvement over text-only baselines). Furthermore,
we illustrate that these learned representations provide interpretable insights, offering a
path toward user-empowered transparency in online spaces.
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Chapter 1

Introduction

1.1 Motivation

1.1.1 The Double-Edged Sword of Online Communities

The rise of internet socialization, popularized by platforms such as Reddit and X (formerly
Twitter), has fundamentally altered human interaction. These platforms have created vast
digital ecosystems where individuals form diverse communities around shared interests,
identities, and goals. As a result, many of these online communities have become de-
facto ‘digital third places’ [10]: social environments distinct from home and work where
community is created and socialization occurs.

However, this shift to interaction occurring in digital spaces acts as a double-edged
sword. On the positive side, these spaces provide invaluable peer support [3], fostering
connection for everything from niche hobbies to sensitive health discussions. On the nega-
tive side, pseudo-anonymity and lack of physical cues can spread misinformation, toxicity,
and the formation of echo chambers [(]. Prior work has analyzed how conversations derail
into toxicity [53]. To maximize the beneficial capabilities of these spaces while mitigating
their harms, we require computational methods capable of capturing the essence of online
social networks. This can be done by modeling connections between all online entities,
such as users, communities, and text.

To understand these dynamics, we focus on Reddit, a platform organized into thousands
of distinct communities known as “subreddits” (e.g., r/science, r/nba). Each subreddit
has its own topic, user base, and distinct set of social norms. The challenge for researchers



is to create models that can understand these communities. Critically, these communities
are not just as buckets of text, but social entities.

1.1.2 The Technical Challenge: How to Add Context

To improve performance on socially-aware downstream tasks such as toxicity detection and
community recommendation, we must look beyond isolated data points. A fundamental
challenge in analyzing online networks is unified representation learning: the task of jointly
modeling users, posts, and communities to generate dense representations that capture the
latent structure of their interactions. The quality of these representations depends entirely
on whether they are learned in isolation or in context.

Currently, researchers typically rely on two isolated sources of signal:

e Text-Only Signals (Content): These models analyze what is said. They define
the similarity between two communities based on their vocabulary. For example, a
text model might calculate that r/science and r/physics are similar because they
both frequently use words like “experiment” and “theory”.

e Structure-Only Signals (Interaction): These models analyze who is interacting,.
They define distance based on user overlap. If users who post in r/nba also tend
to post in r/lakers, a structural model draws a strong connection between them,
regardless of what they are actually talking about.

The Problem: Context Blindness

Both approaches struggle when used in isolation because the meaning of online interaction
is constructed by the interplay of both signals. Text-only models are context-blind; they
see the semantics but miss the social norms. Structure-only models see the relationships
but are blind to the content.

Table 1.1 illustrates this with an example of reclaimed language. The term “redneck”
generally carries a negative connotation. A text-only model might flag it as toxic. However,
within r/republicans, this term is often used as an in-group identifier (reclaimed). A
structural model would know that r/republicans is socially distinct from r/democrats,
but without the text, it cannot evaluate the specific comment. To accurately classify this
post, a model must simultaneously understand the semantic content of the word and the
unique normative profile of the community where it appears. This dynamic is illustrated



r/depression r/AskDocs

"I feel like | can't breathe today." -~..__ _...---7"lfeel like | can't breathe today."

Context: Emotional Support ", ) Context: Medical Symptom

Figure 1.1: The Interplay of Context on Reddit.

in Figure 1.1. The meaning of a post is dynamically constructed by the interplay of
User, Text, and Community. We formalize this ecosystem as a heterogeneous graph—a
network structure composed of multiple types of nodes and edges. Here, a single user
(User A) participates in two distinct communities. While the text content is identical,
the community context shifts the pragmatic meaning from an expression of emotional
distress (r/depression) to a description of a physical symptom (r/AskDocs). As shown,
the semantic meaning of the phrase ‘I feel like I can’t breathe’ shifts entirely based on
the community context, serving as a cry for emotional support in r/depression versus a
physical symptom description in r/AskDocs. A model that ignores this community signal
fails to capture the true intent of the post.

Table 1.1: Example of Context-Dependent Labeling: Reclaimed Language

Text Content Community Label

“Strange how culturally superior leftists in SF would  r/republicans Non-Hateful

” N

want to move to a place full of “dumb rednecks”.

r/democrats ~ Hateful

Recent hybrid models attempt to unify these signals but often fail to integrate them
effectively. A common shortcoming is that some models treat the community as a derivative
of its text. They initialize a community’s representation (the starting state of its vector



before training) by simply averaging the vectors of all posts written within it. This flattens
the rich, complex identity of a community into a generic semantic summary, washing out
the unique structural signal that differentiates a support group from a hate group, even
if they discuss similar topics. This also makes these models susceptible to the averaging
problem of feature embeddings [13].

We argue that to truly model online networks, the community must be treated as
a first-class entity—mnot a derivative of its text, but a complex, collaboratively learned
representation that evolves based on the unique intersection of its user base, its structural
position in the network, and its social norms.

1.2 A Data Science Perspective

This thesis approaches the problem of community modeling through the interdisciplinary
lens of Data Science. Where researchers may focus solely on algorithmic efficiency or pure
social science, which focuses on qualitative theory, data science operates at the intersection
of computational capability and societal implications.

Our work exemplifies this dual focus. On the computational side, we leverage mas-
sive, unstructured datasets (millions of Reddit interactions) and engineer high-performance
architectures using Heterogeneous Graph Transformers (HGTs). Heterogeneous Graph
Transformers are deep learning models designed to handle complex networks with multiple
types of nodes and edges. These models convert our data from noise into signal. On the
inference side, we design these architectures specifically to capture latent sociological sig-
nals, such as normative distance, converting raw data into actionable insights. By encoding
social signals into an embedding space, GASTON serves as a bridge between the raw scale
of big data and the nuanced requirements of human-centric applications like mental health
monitoring.

1.3 Problem Statement

There is a need for a pre-training approach that learns holistic representations for all
network entities and the relationships between them. By pre-training on the massive
scale of unlabeled data available on platforms like Reddit, we can learn robust general-
purpose features that generalize better to small, specific downstream datasets than models
trained from scratch. The core problem this thesis addresses is: How can we develop



a heterogeneous graph framework that leverages the community as a contextual anchor,
allowing us to generate richer user and text representations that improve performance on
socially-aware downstream tasks?

1.4 Contributions

In this thesis, we propose GASTON (Graph-Aware Social Transformer for Online Net-
works), a novel heterogeneous graph learning framework. Rather than treating the com-
munity as a secondary feature, GASTON establishes the community as a foundational
contextual entity. By learning a distinct structural representation for the community and
fusing it with user and text embeddings, we provide the necessary context to ground on-
line discourse. This allows the model to generate robust representations for every node
in the graph, ultimately serving as a powerful pre-trained model for diverse downstream
applications.

e Conceptual Contribution: Community as a First-Class Entity. We propose
Collaborative Community Representations, where a community’s identity is modeled
as a distinct learnable entity rather than a derivative of its text content. Content-
based approaches often fail to differentiate between semantically similar communities
with vastly different social norms. We challenge this paradigm by defining a commu-
nity’s representation through its structural signature within a heterogeneous graph.
Crucially, these representations are actively refined during the graph pre-training
phase to fuse structural and semantic context. These optimized embeddings are then
transferred directly to downstream tasks, serving as a rich, pre-computed community
profile that enhances predictive performance.

e Methodological Innovation: The GASTON Architecture. We introduce a
novel pre-training framework designed to solve the technical challenge of fusing dense
semantic features with sparse structural signals. Merging these distinct modalities is
complex; naive fusion methods (like averaging) often cause the dominant text signal
to wash out the subtler structural cues. To overcome this, we introduce Contrastive
Initialization. By pre-training community embeddings using a Bayesian Personal-
ized Ranking (BPR) objective, which optimizes the space by pulling connected com-
munities closer and pushing disjoint ones apart, we create a strong structural prior
that prevents the text from overwhelming the social signal.



e Empirical Validation on Social Tasks: We demonstrate through extensive exper-
iments that this community-centric approach outperforms state-of-the-art baselines.
We specifically highlight improvements in nuanced social tasks, such as detecting
hate speech and norm violations. In these domains, the meaning of a post is heavily
dependent on the place in which it is posted.

Our results validate the effectiveness of this approach. For instance, on the context-
heavy norm violation detection task, GASTON achieves an F1 score (the harmonic mean of
precision and recall, balancing false positives and false negatives) of 0.97, significantly out-
performing the text-only baseline of 0.70 — a relative improvement of nearly 40%. Beyond
classification, our model also excels in structural tasks, achieving the highest performance
in community recommendation. Overall, GASTON achieves state-of-the-art results in 3 out
of 5 downstream tasks. This quantitative success, paired with qualitative evidence that
our model effectively distinguishes between supportive and toxic environments, demon-
strates that community context is not merely supplementary, but essential for accurate
social understanding.

1.5 Thesis Outline

The remainder of this thesis is structured to guide the reader from the building blocks of
our architecture to the experimentation results of our proposed solution.

Chapter 2 introduces the foundational concepts of representation learning, detail-
ing the Transformer and Graph Neural Network architectures that underpin our model.
Chapter 3 situates our work within the broader landscape of computational social science,
analyzing the limitations of prior text-only and structure-only approaches.

Chapter 4 formally presents the GASTON architecture. It details how we construct
the heterogeneous graph and the specific mechanisms used to generate our rich community
representations. Chapter 5 describes our experimental framework and presents results
across diverse downstream tasks, followed by a discussion on the societal implications of
using these representations for user transparency. Finally, Chapter 6 concludes the thesis
and suggests avenues for future work.



Chapter 2

Background

This chapter introduces the foundational concepts required to understand the proposed
model. We operate within the field of Deep Learning, a subset of machine learning that
uses multi-layered neural networks to model complex patterns in data. We will first define
how embeddings enable these networks to process discrete data into meaningful features.
We will then detail the key neural network architectures, namely Transformers and Graph
Neural Networks (GNNs), that form the building blocks of our system. We will explain the
pre-training and fine tuning strategy that allows a single model to generalize across diverse
downstream tasks. Lastly, we will explain contrastive learning in the context needed to
understand its usefulness in GASTON.

2.1 Embeddings

An embedding is a dense, low-dimensional vector representation of a discrete unit of data,
such as a word, a sentence, or a node in a graph. Its primary function is to transform
sparse unit data, which is typically high-dimensional, into a continuous vector space where
semantic or relational meanings are encoded by geometric space. This means that the
proximity or distance between two embeddings in our embedding space reflects the sim-
ilarity of the items they represent. For example, words that appear in similar contexts
[32] will be mapped close to each other, allowing for vector arithmetic (e.g., King - Man
+ Woman = Queen). This allows the data to be machine readable in a way that captures
complex, latent relationships or features, allowing deep learning models to process more
information more efficiently. These embeddings serve as the foundation upon which more



complex neural network architectures, such as Transformers and Graph Neural Networks,
are built.

2.2 Transformers

The Transformer architecture, introduced by Vaswani et al. [13], represents a fundamental
paradigm shift in sequence modeling. Prior models such as Recurrent Neural Networks
(RNNs) [29] and Long Short-Term Memory Models (LSTMs) [ 1] rely on recurrent layers
where data is processed sequentially. This approach is standard for sequence modeling:
the task of predicting the next element in a series, such as the next word in a sentence.
However, sequential processing limits parallelization. Transformers introduced a novel
mechanism known as Self-Attention, which solves these bottlenecks. Self-Attention allows
the model to excel at processing sequential data, and is core to the Transformer’s success,
making it the current foundational model for state-of-the-art applications.

Self-Attention operates on sequences of tokens, where each token is a discrete unit of
input, such as words in a sentence. Self-Attention allows a model to weigh the relative
importance of all other elements in a sequence when processing a single element. This is
achieved by assigning three learnable vectors to each token: a Query (Q), a Key (K)
and a Value (V). The Query vector represents the current token’s request for information.
The Key vectors of all other tokens in the sequence act as labels for the information they
hold. The Value vectors contain the actual information being shared.

As illustrated in Figure 2.1, the input token z; is first projected into query (g;), key
(ki), and value (v;) vectors via learned linear transformations. The attention mechanism
then computes the dot product between the query ¢; and the keys of all other tokens K,
essentially asking ‘how relevant is this other token to me?’. These raw scores are scaled and
normalized via a Softmax function (an activation function) to produce attention weights.
Finally, these weights are used to compute a weighted sum of the value vectors V', resulting
in a context-aware representation for the token.

The model calculates a similarity score between the current token’s Query and every
other token’s Key. These scores are normalized into “attention weights” (which sum to 1),
which tell the model how much attention the current token should pay to all other tokens
in the sequence. The final representation for that token is then computed as a weighted
sum of all the Value vectors in the sequence.

Self-Attention provides several key advantages:
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Figure 2.1: The Scaled Dot-Product Self-Attention Mechanism (Adapted from Vaswani et
al. [13])




Firstly, it excels at handling long-range dependencies. Unlike RNNs, which process
data sequentially and struggle to maintain context over long sequences, self-attention aims
to directly model the relationship between two tokens in a sequence, regardless of their
distance.

Second, this architecture enables parallel processing. Attention computations for all
tokens in a sequence can be performed simultaneously, rather than token-by-token. This
compatibility with modern parallel hardware, like GPUs, significantly reduces training time
and increases efficiency on massive datasets. As a result, this makes Transformers highly
scalable, in both dataset size and computational resources. This enables the training of
Large Language Models (LLMs), with billions of parameters, and makes this architecture
well suited to problems such as online community modeling, where there are millions of
users and posts, among tens of thousands of communities.

Transformers have also demonstrated significant versatility. While originally built for
Natural Language Processing (NLP), self-attention has successfully been adapted to other
domains, such as computer vision and bioinformatics [10, 23]. As a result, transformers can
also be attributed to the rise of multimodal Al systems that can interpret and integrate
different types of data, such as text and images.

Finally, Transformers effectively learn for the purposes of transfer learning, which is
central to this thesis. The transfer learning paradigm is defined as pre-training a model
on a large generic dataset to learn general features, and then fine-tuning it on a smaller
dataset for a specific downstream task. Models that are later fine-tuned on smaller, task
specific datasets are able to achieving state-of-the-art results with a fraction of the original
computational cost. In this work, we leverage pre-trained language models as the backbone
text encoder.

2.3 Language Models

The Transformer architecture described above powers modern language models (LMs).
While LMs can be built on various architectures, modern iterations are typically Trans-
formers trained on a massive, web-scale corpus of text, often with a self-supervised objective
such as predicting the next word in a sentence or filling in masked-out words. These are
most commonly Large Language Models (LLMs).

Early models in this paradigm, such as BERT [9] and its successor XLNet [19], marked a
fundamental shift in the field. They demonstrated a strong ability to understand language
nuance and context, and established the pre-training and fine-tuning paradigm that now
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dominates the field. In this approach, a general-purpose LM is first pre-trained on a
massive, unlabeled dataset, and can then be fine-tuned with a small amount of labeled
data to achieve state-of-the-art performance on specific tasks.

However, these models were primarily designed for full model tasks, where the entire
network is fine-tuned to produce a specific output (like a classification). A different appli-
cation for these models is to use them simply as feature extractors, where their final-layer
representations are used as static text embeddings. While effective, this approach can be
suboptimal, as the model was not explicitly trained for the goal of generating high-quality,
dense vector representations.

This has led to the development of a new class of specialized embedding models. These
models are distinct from general-purpose LMs; their architecture and training objective
are engineered for the purpose of converting text into high-quality, semantically rich vector
representations.

EmbeddingGemma [15] is a specialized embedding model. While models like BERT
are also bidirectional encoders, meaning they process text by attending to both past and
future context simultaneously, they are typically optimized for token-level classification.
EmbeddingGemma is instruction-tuned specifically to generate high-quality sentence-level
vectors suitable for retrieval tasks, such as semantic search or document ranking, making
it superior for representing full social media posts. Its strengths lie in the below areas:

e Specialized Architecture: Unlike decoder-only models which process text sequen-
tially for the purpose of text generation (e.g., GPT [31]), EmbeddingGemma is based
on an encoder-only architecture, which is used for tasks that require semantic under-
standing. This allows it to use bi-directional attention to capture the full context of
the input simultaneously, creating richer semantic representations.

e High Performance-to-Size Ratio: Despite its small size (approx. 300M parame-
ters), it achieves state-of-the-art performance on embedding benchmarks (e.g., MTEB
[33]), outperforming many models twice its size. This efficiency is critical for research
and on-device applications.

e Task-Specific Optimization: The model’s performance is maximized by using
instructional prompts that prime the model for a specific task. For example, text
may be prefixed with a retrieval-document prompt to ensure the model generates
an embedding optimized for that specific use case.

¢ Flexible Output Dimensions: It employs Matryoshka Representation Learning
(MRL) [28], a technique that structures the information within the embedding vector

11



hierarchically. By front-loading the most critical semantic information into the earlier
dimensions, MRL allows the native 768-dimensional embeddings to be truncated to
smaller sizes (e.g., 256) with minimal performance loss, offering a powerful trade-off
between performance and computational cost.

This shift from using general-purpose LMs (like XLNet) to specialized, high-performance
embedding models (like EmbeddingGemma) represents a technical improvement in this do-
main of research. However, these models are not without limitations. Their performance
can be sensitive to the use of correct instructional prompts, and their smaller context
windows (e.g., 2048 tokens for EmbeddingGemma) may be a limitation for very long doc-
uments compared to larger, general-purpose LMs. For the task of encoding social media
posts, which are typically short, this trade-off works in our favour, as it provides a more
potent and efficient text representation to ground the social graph.

2.4 Graph Neural Networks

Graph Neural Networks (GNNs) are deep learning models designed to operate on non-
Euclidean data structured as graphs [25] [15]. Graphs are comprised of a set of objects
(nodes) and relationships between them (edges). Traditional deep learning architectures,
such as Convolutional Neural Networks (CNNs) [27] and RNNs [29] assume regular grid-like
or sequential data structure. In contrast, graphs have a topology with no fixed ordering or
distance, making traditional neural network architectures ineffective. GNNs leverage the
graph’s connectivity to perform computation.

The core principle of nearly all GNNs is an iterative process of message passing (see
Figure 2.2). This process is usually broken down into two steps per layer:

1. Aggregate: For a given node, the GNN gathers feature vectors (AKA ‘messages’)
from immediate neighbours. The aggregation can be as simple as a sum or mean, or can
be a more complex learned function.

2. Update: The GNN then combines the aggregated neighbourhood information with
the node’s own current feature vector (which is derived in the previous layer). This com-
bined representation is then passed through a non-linear transformation to produce the
node’s new feature vector, which is used in the next layer.

By stacking these layers, a node’s representation becomes progressively more aware
of its wider structural context, incorporating information from nodes one-hop, two-hops,
three-hops away, and so on. This allows the GNN to learn a representation for each node
that captures its structural context within the graph.

12
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Figure 2.2: The Message Passing Paradigm in Graph Neural Networks. Information is
aggregated from the local neighborhood to update the central node’s representation.

2.5 Heterogeneous Graphs

Traditional GNNs ([25] [15]) are designed for homogeneous graphs. These are graphs where
all nodes and edges are of the same type. This is a significant drawback for modeling
complex, real-world systems.

Online social networks, in particular, are inherently heterogeneous. A heterogeneous
graph is a graph that contains multiple types of nodes and/or multiple types of edges. For
example, the social graph modeled in this research is not uniform; it is a complex structure
composed of:

e Node Types: User, Text (posts/comments), and Community (subreddits).
e Edge Types: The graph explicitly models the following connections:

— Text-posted-by-User
— Text-belongs-to-Community

— User-posted-in-Community

Figure 2.3 illustrates this heterogeneous structure within our specific domain. Distinct
node types (User, Text, Community) are connected by specific relation types, forming a
topology where the semantic meaning of an edge depends on the types of nodes it connects.

This capability is equally important in domains outside of social media, such as aca-
demic knowledge graphs. Consider a network consisting of Authors, Papers, and Venues.
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Figure 2.3: A heterogeneous social graph, highlighting the distinction between node types.

The semantic relationship of an Author writing a Paper is fundamentally different from a
Paper citing another Paper. A homogeneous model would treat both simply as connec-
tions. In contrast, an HGT learns distinct parameters for these relations. This allows the
model to understand that aggregating information via a “citation” edge should inform the
paper’s topic, while aggregating via a “published in” edge should inform the paper’s venue
type, without confounding these distinct signals.

To effectively learn from such multi-relational data, a more specialized architecture is
required, one that can understand and leverage this heterogeneity.

2.6 Heterogeneous Graph Transformers

Online social networks consist of multiple types of nodes (e.g., Users, Posts, and Communities)
and different edges that represent different relationships. This relationship could be a user
posting in a community, a user submitting a post, a post replying to another post, and so
on. Applying a simple GNN would require ignoring rich context and structural information
and would treat all nodes and edges identically.

Heterogeneous Graph Transformers (HGTSs) [21] are a class of GNNs designed to solve
this problem, and build upon the attention mechanism introduced in Graph Attention
Networks (GAT) [11]. HGTs extend the self-attention mechanism of Transformers to the
heterogeneous graph structure. Rather than learning a single function for all message
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passing, an HGT learns a distinct set of transformation matrices and attention-weighting
functions for each edge type.

This allows the model to learn highly context-specific message passing. For example,
the way a User node aggregates information from a Post it has authored is computationally
different from how it aggregates information from the Community it is a part of. This allows
the model to learn a unified embedding space while still respecting the rich, multi-relational
nature of the data. This architecture is foundational to this thesis.

2.7 Graph Pre-Training and Fine Tuning

Inspired by the success of the pre-training and fine-tuning paradigm in NLP, this strategy
has been adapted for GNNs. The idea is to first train a GNN on a large, general purpose,
unlabeled graph (or a collection of graphs) using some self-supervised task. This pre-
training phase allows the model to learn broad, transferrable knowledge about structural
patterns, node relationships, and attribute distribution. A foundational study by Hu et
al. [20] systematically explored strategies for GNN pre-training, which can be broadly
categorized into:

1. Node-Level Strategies: These tasks involve masking node features or attributes
and training the GNN to reconstruct them from the local neighborhood, analogous
to BERT’s Masked Language Model (MLM) task [9]. In MLM, a percentage of input
tokens are hidden (masked), and the model must predict the missing words based
on the surrounding context. Similarly, in Graph Masking, we hide node features and
ask the model to reconstruct them.

2. Structure-Level Strategies: These tasks focus on topology. They include link
prediction, where the model predicts whether an edge exists between two nodes based
on the similarity of their embeddings, and contrastive learning, which is explained
below, where the model is trained to pull representations of similar nodes (e.g., nodes
from the same local subgraph, or nodes reachable via a random walk) together in the
embedding space, while pushing dissimilar nodes apart.

While powerful, GNN pre-training is notoriously difficult and, unlike in NLP, is not
a silver bullet. A critical challenge identified by Hu et al. [20] is negative transfer. This
occurs when the pre-training task is not well-aligned with the downstream task, causing the
learned representations to actually hurt performance. For example, a GNN pre-trained on a
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generic, platform-wide link prediction task might learn that “users who post in community
A also post in community B” is a dominant pattern. However, for a downstream task like
norm violation detection, this pattern is irrelevant. What matters is the semantic content
of a post and if it aligns with the specific, unique norms of community A. The pre-trained
model, in this case, may have learned the wrong priors and could be actively disadvantaged
(i.e., suffer from negative transfer) during fine-tuning.

This high risk of negative transfer, especially in a domain as context-dependent as social
media, motivates the central hypothesis of this thesis: the need for a carefully designed,
community-centric pre-training strategy, as proposed in GASTON, to ensure the learned
representations are genuinely useful for socially-aware downstream tasks.

2.8 Contrastive Learning and Ranking

Contrastive learning is a self-supervised learning paradigm that focuses on learning repre-
sentations by comparing data points, rather than reconstructing them. The core intuition,
formally introduced by Hadsell et al. [14], is that a robust embedding space should map
semantically similar items (positive pairs) close together while pushing dissimilar items
(negative pairs) apart, as illustrated in Figure 2.4. Contrastive learning often optimizes a
noise-contrastive estimation (InfoNCE) objective [12].

This approach gained widespread adoption in NLP through the Word2Vec algorithm
[32], specifically via its Negative Sampling objective. Instead of predicting a word directly
over a massive vocabulary, Word2Vec learns to differentiate between true context words
(positives) and randomly drawn noise words (negatives). The mechanism of learning by
contrasting valid signals against noise allows models to capture rich semantic relationships
efficiently and serves as a foundational concept for the structure-aware learning objectives
employed in GASTON.

Unlike classification, which requires predefined labels (e.g., “Cat” vs. “Dog”), con-
trastive learning operates on the principle of instance discrimination. For example, in a
social network, a user and a community they frequent form a positive pair, while that
same user and a random community form a negative pair. By optimizing the model to
distinguish between these pairs, the embedding space naturally organizes itself to reflect
the underlying structure of the data, clustering related entities even without explicit class

labels.
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2.8.1 Bayesian Personalized Ranking (BPR)

A specific formulation of contrastive learning widely used in recommender systems is
Bayesian Personalized Ranking (BPR), introduced by Rendle et al. [37]. BPR is designed
specifically for implicit feedback scenarios. This is where we observe positive interactions
(e.g., a user posting in a subreddit) but rarely observe explicit negative ones (e.g., a user
stating they dislike a subreddit).

Standard binary classification treats unobserved interactions as negatives, which can
be noisy. BPR instead uses a pairwise ranking loss. It creates training triplets (u,1,j),
consisting of:

e A user u.
e An item ¢ that the user has interacted with (positive).

e An item j that the user has not interacted with (negative).

The objective of BPR is to maximize the probability that the user prefers item 7 over
item j. The optimization criterion is defined as:

Lppr= Y, —Ino(iu— i) (2.1)

(usi,j)ED

where o is the sigmoid function and Z,; is the model’s predicted score (e.g., dot product) for
the user-item pair. By minimizing this loss, the model learns to rank observed interactions
higher than unobserved ones, creating a semantic ordering in the embedding space that is
robust to the sparsity of social data.
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Figure 2.4: Contrastive Learning Intuition. The model optimizes the embedding space by
pulling positive pairs closer while pushing negative pairs apart.
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Chapter 3

Related Work

3.1 Representing Online Interactions

The challenge of modeling online communities has been approached from three primary
directions:

1. Models that focus only on the network structure (section 3.1.1),
2. models that focus only on the textual content (section 3.1.2), and

3. hybrid models that attempt to unify both (section 3.1.3).

3.1.1 Structure-Only Representations: community2vec

A foundational approach to modeling communities is to focus entirely on the network
structure. Approaches like node2vec [12] and community2vec [31] exhibit this methodology.
The community2vec algorithm is built on the same core intuition as the Word2Vec model
[32]. The model learns a dense, low-dimensional vector (typically d = 100 to 300) for each
community. While effective for structure, this approach completely ignores the semantic
content of the discussions.

Martin [31] treats communities as ‘words’ and users as ‘contexts’. A user who comments
in r/nba and r/lakers creates a co-occurrence pair, linking these two communities. By
building a co-occurrence matrix from all user participation on Reddit, the model learns
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a dense, low-dimensional vector for each community. The paper demonstrates that these
structure-only representations are able to capture real-world semantic relationships. For
instance, the model can solve analogies, such as finding that the vector for r/berlin
minus r/germany plus r/unitedkingdom is the closest vector for r/london. This work
powerfully establishes that user co-membership data is a rich source of information for
modeling community relationships.

3.1.2 Text-only Representations for Social Media

On the other hand, there exist models that focus entirely on textual content to understand
or predict online behaviour, leveraging the power of language models. This approach treats
online posts as a large corpus of text, well-suited for models like BERT [9]. Research in
this area often fine-tunes a pre-trained transformer model for a given social media task.
Similarly, Mental BERT [22] applies this domain-adaptive strategy to mental healthcare,
pre-training on millions of Reddit posts to capture psychiatric vocabulary. The primary
strength of this approach is its deep understanding of language nuance and domain-specific
terminology, allowing it to detect subtle linguistic cues that general-purpose models might
miss.

For example, models like HateBERT [2] are BERT models further pre-trained on large
scale, abusive language datasets. These models achieve state-of-the-art performance on
text-based hate speech detection tasks. The primary strength of this approach is its deep
understanding of language nuance, semantics, and syntax. However, these models are often
context-blind. They are designed to classify a piece of text in isolation, with no awareness
of the community dynamics, who the author is, or what post it is replying to. This can
lead to errors such as flagging a scientific discussion of a sensitive topic as hateful, or failing
to capture the hateful subtext of a seemingly harmless comment. For example, as noted by
Hebert et al. [17], a text-only model often misclassifies reclaimed slurs used supportively
within a specific community because it lacks the social norm context to interpret the word
correctly.

3.1.3 Unified Hybrid Models

More recently, research has focused on fusing these siloed approaches into a single, unified
model. Ma et al. [30] introduced One-Model-Connects-All (OMCA), a state-of-the-art
unified framework. The key innovation of OMCA is the creation of a single, large-scale
heterogeneous graph, composed of three distinct nodes: Communities, Users, and Text
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(post/comments). These nodes are connected by edges representing their relationships,
such as Text-posted-by-User and Text-belongs-to-Community. While OMCA unifies struc-
ture and semantics, it relies on text embedding averaging for initialization. Our framework,
GASTON builds upon this hybrid foundation but replaces the averaging mechanism with
a contrastive learning objective to better capture distinct community identities, adding
user-membership structural information.

The heterogeneous structure of OMCA allows an HGT to pass messages between dif-
ferent types of entities, learning their representations simultaneously. The model is pre-
trained on two large-scale, self-supervised tasks: Text Reconstruction (a node-level task to
predict masked text) and Edge Generation (a structure-level task to predict link validity).

To initialize this graph, Text nodes are encoded with a Language Model (XLNet) [19],
while User and Community nodes are initialized by averaging the text embeddings they
are connected to. This unified framework is shown to be highly effective, achieving strong
results after being fine-tuned on a diverse set of downstream tasks. The hybrid approach
of OMCA establishes a powerful and flexible blueprint for a single, pre-trained model to
learn from the complex interactions and structural context in online networks.

3.1.4 Applications Outside of Social Media

The strategy of fusing network structure with semantic content is powerful paradigm used
in other complex domains, most notably in healthcare. For example, Wu et al. [1§]
demonstrated the utility of incorporating structural knowledge into representation learning.
They proposed a graph-based Hierarchical Medical Entity (HME) embedding framework
that leverages the topology of medical knowledge graphs (such as the hierarchical relations
between diagnoses and treatments) alongside textual descriptions.

Just as Wu et al. found that structural hierarchy was necessary to accurately represent
medical entities for downstream prediction tasks, we argue that social structural context is
similarly necessary to represent online communities. Both domains require moving beyond
flat text representations to capture the latent relationships defined by the underlying graph
structure.
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3.2 Computational Social Science and Relevant Ap-
plications

The models described above serve as the foundation for a wide range of applications, from
micro-level tasks like moderating a single comment to macro-level analyses of an entire
platform.

3.2.1 Macro-Level Analysis: Quantifying Polarization

Waller and Anderson [16] demonstrated the power of community representations as a tool
for large-scale computational social science, specifically for quantifying political polariza-
tion. While GASTON shares the goal of modeling the latent social landscape, our focus
differs. Rather than explicitly projecting communities onto researcher-defined political
axes, GASTON aims to learn a general-purpose socio-semantic representation that cap-
tures normative boundaries (such as toxicity and rule adherence) organically. By fusing
structure and semantics, we aim to provide a more holistic view of community identity
that extends beyond simple political alignment.

Waller and Anderson’s core contribution was to project known social dimensions onto
this community embedding space. By selecting seed communities (e.g., r/democrats and
r/Conservative), they were able to define a partisan dimension and assign a quantitative
partisanship score to all 10,000 of the largest communities. This transformed the abstract
unstructured data of Reddit into a measurable social landscape. Using this method, they
were able to make unique discoveries of the user makeup of communities within Reddit.
The dramatic increase in polarization on Reddit around 2016 was not, as some may have
believed, driven by existing users becoming more extreme. Rather, it was due to popu-
lation turnover. A large influx of new, highly-polarized users entered the platform and
fundamentally shifted its social center of gravity.

3.2.2 Micro-Level Analysis: Modeling Local Discussion Context

While Waller and Anderson [16] operate at the macro-level of entire communities, other
work has shown that graph-based context is equally as important at the micro-level of a
single discussion. The Multi-Modal Discussion Transformer (mDT) by Hebert et al. [18]
is a highly specialized model designed for the specific task of hate speech detection. Its
central hypothesis is that hate speech is deeply contextual.
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To capture this, mDT builds a unique graph for every individual discussion thread.
This graph is multi-modal, incorporating features from both text (BERT) and images
(ViT) [10]. The model uses a Graph Transformer to pass information between comments
in a thread, giving it an understanding of the entire conversation. A key innovation is the
interweaving of graph-transformer layers with multi-modal fusion layers, which grounds
the text and image representations in the discussion’s flow. This work, along with its
accompanying HatefulDiscussions dataset, used in this thesis, proves that for nuanced social
tasks, modeling the local graph context is essential for high-performance classification.

3.3 Qualitative Evidence: Why Text-Only Models Fail

While the quantitative success of models like mDT [I8] highlights the value of context,
qualitative analysis reveals why it is necessary. Hebert et al. [17] provide a detailed study
identifying specific failure modes of comment-only models. For nuanced social tasks, such
as hate speech detection or norm violation detection, analyzing content in isolation is
insufficient. The authors analyze a Graph Transformer based model (Graphormer) [50]
that, unlike traditional classifiers, builds a graph of the entire discussion thread to make
its predictions.

The paper’s key insight is that conversational context fundamentally changes the mean-
ing of a comment. They demonstrate this through several examples. In one case, a com-
ment in the r/rupaulsdragrace community using a slur is correctly identified as non-
hateful by the graph model, which sees the supportive, reclaimed language context of the
surrounding discussion. In contrast, a text-only BERT model which is blind to context,
flags the comment as highly hateful.

This directly motivates GASTON’s design: by explicitly modeling the community node,
we aim to provide the missing context that prevents these specific types of classification
errors. This work establishes that context is not merely supplementary, it is a prerequi-
site for accurate classification in a social context. The authors show that comment-only
methods are prone to false positives (such as misinterpreting reclaimed language) and false
negatives (missing hateful subtext). Models with context via graph structure are able to
move beyond simple text classification to more advanced reasoning about social dynamics.
Just as conversation context is important, in this thesis we aim to show that community
context is also important, informing a graph model of social dynamics within and across
communities that can inform predictions.
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3.4 Limitations of Static Graphs and Temporal Dy-
namics

The models discussed thus far, including the GASTON architecture proposed in this the-
sis, treat social networks as static snapshots. They aggregate interaction histories into a
single graph. While computationally efficient, this ignores the dynamic nature of online
communities.

Research into Temporal Graph Networks (TGNs) by Rossi et al. [39] introduces a
generic and highly efficient framework for learning from graphs that are not static, but are
represented as a continuous-time sequence of events (e.g., User A joins Community B at
time t1, User A posts in Community C at time t2). We review this literature to highlight
the primary limitation of our current work and to frame the integration of TGNs as a
critical avenue for the future work discussed in Chapter 6.

The core innovation of the TGN framework is its use of a memory module for each node.
This memory acts as a compressed representation of the node’s history. When a new event
(like a user posting) occurs, the TGN uses a graph-based operator to compute a message
from the event and updates the memory of the nodes involved. This allows the model to
capture evolving patterns, such as a user’s drifting interests or a community’s changing
topic focus, while remaining computationally efficient. This line of research demonstrates
the importance of incorporating the when of an interaction, not just the who and what,
and represents a major direction for future work beyond static graph models.
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Chapter 4

Proposed Solution

4.1 Preliminaries

Our proposed model, GASTON, operates on a large-scale, heterogeneous graph, which
contains multiple types of nodes and edges. We formally define this graph as G = (V, E),
where V' represents the set of all nodes and E represents the set of all edges (links) be-
tween them. In this thesis, we utilize Reddit subreddits as our primary case study, but
Communities could generalize to Facebook Groups, Discord Servers, StackOverflow Tags,
or other online platforms where people create communities around shared interests.

This graph is defined by a schema (V, £), where V is the set of node types and & is the
set of edge types.

Node Types
The set of node types V consists of three distinct entities central to online social networks:
e User (U): Represents individual users who post within communities.

e Text (T'): Represents a single piece of text content, such as a post or a comment.

e Community (C): Represents a specific subreddit where interactions occur *.

!Note that the set of communities is fixed to these predefined boundaries; GASTON learns representa-
tions for existing subreddits rather than discovering latent communities via graph clustering.
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Figure 4.1: The GASTON Heterogeneous Graph Schema. We model three distinct node
types and the directed relationships between them.

Each node v € V' belongs to one of these types, defined by a mapping function 7 : V' —
V.

Edge Types

The set of edge types £ defines the relationships connecting these nodes. Our graph is
defined by the following relationships:

e Text-PostedBy-User: An edge (¢, posted_by,u) € E where u € U and ¢t € T. This
edge represents the action of a user authoring a specific piece of text.

e Text-PostedIn-Community: An edge (¢, posted_in, c) € E wheret € T and ¢ € C.
This edge links a piece of text to the community it was posted in.

e User-ActiveIn-Community: An edge (u,active_in, c¢) € F whereu € U and ¢ € C.
This edge represents a user posting within a community:.

Each edge e = (v;,7,v;) € E consists of a source node v;, a target node v;, and a
relation r. The relation type r belongs to a set of relations R that define the edge type
&. For example, the posted_ by relation connects User and Text nodes, forming the edge
type (t, posted_by, u).

As shown in Figure 4.1, our schema explicitly differentiates between posting (a user
authoring text) and activity (a user interacting with a community). This distinction al-
lows the model to learn different attention weights for direct authorship versus broader
community engagement.

26



Node Features

Each node v € V is associated with an initial feature vector X,. The specific methods
used to generate these initial features are detailed in Section 4.3.1 (for Text nodes) and
Section 4.3.2 (for Community nodes). For example, a Text node feature Xr is a dense
vector derived from the post content, whereas a Community node feature X¢ is a learned
vector representing the community’s structural identity.

4.2 Graph Construction

The formal graph G = (V, E) defined in Section above is constructed from our curated pre-
training corpus (detailed in 5.1). This process transforms the raw data of posts, comments,
authors, and subreddits into a unified graph structure. The multi-step graph construction
process is detailed below:

1. Node Instantiation: We iterate through the pretraining dataset and create the
nodes defined in our schema ).

e For each post or comment in the corpus, a Text node is created.
e For each unique author of a post, a User node is created.

e For each unique subreddit a post belongs to, a Community node is created.

2. Edge Creation: Once the nodes are instantiated, we create the directed edges that
represent the primary actions in the data:

e A directed Text-posted_by-User edge is created to link the User node to the
Text node they authored.

e A directed Text-posted_in-Community edge is created to link the Text node
to the Community node (subreddit) where it was posted.

e A directed User-active_in-Community edge is created if a user has posted
at least once in a given subreddit. To keep important user-community rela-
tionships, while still maintaining a reasonably sized graph, we keep generating
User-active_in-Community edges for users who have posted in a given com-
munity. While our Text node corpus is filtered for quality (as described in
Section 5.1.1), we leverage the complete raw interaction logs to generate these
structural edges. This ensures we capture a user’s full community footprint,
even if their specific posts were filtered out of the text processing pipeline.
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3. Undirected Graph Creation: The heterogeneous graph G is used for message
passing, which requires information to flow in both directions. Therefore, after
the initial directed graph is built, we make it undirected for the HGT. This is
achieved by explicitly adding a reverse edge for every canonical relation in our schema
E. For example, for the (Text, posted_by, User) relation, we add a corresponding
(User, rev_posted_by, Text) relation. This ensures that the HGT model can learn to
pass and aggregate messages bi-directionally across all relationships.

Figure 4.2 visualizes this construction pipeline. The top half depicts the raw Reddit
log data (submissions, comments, user history). The bottom half illustrates the resulting
heterogeneous graph, where the BPR-initialized community nodes (Orange) act as the
structural anchors for the text (Green) and users (Blue).

With the graph structure fully constructed and symmetrical, the next critical step is to
initialize the feature vectors for each node in V. This process is detailed in the following
section.

4.3 Node Embedding Methods

4.3.1 Text Node Embeddings

The features for text nodes, which represent the semantic content of posts and com-
ments, are initialized using pre-trained language models. For GASTON, we used Em-
beddingGemma as our language embedding model.

To ensure a rigorous comparison, we independently replicated the OMCA [30] archi-
tecture. As the official implementation was not available, we rebuilt the model and adhere
strictly to their described methodology, using XLNet [19] as the text encoder. For our
simple baselines, BERT is used. The title and text content of each post are combined,
cleaned, and passed through the language model. In our replication of OMCA, the final
text node embedding is derived by applying mean pooling over the last hidden state of
the XLNet outputs. Formally, given a sequence of token vectors H = {hy,...,h,}, the
text representation x.,; is calculated as the element-wise average: e, = %Z?:l h;. This
text-centric approach is then extended to initialize the social nodes in the OMCA baseline
[30]: the initial feature for a User node is computed as the mean of all text embeddings
they have authored, and a Community node’s feature is the mean of all text embeddings

posted within it.
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Figure 4.2: GASTON Graph Construction
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Figure 4.3: High-Level Architecture Comparison.
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Figure 4.3 provides a high-level comparison of our architectural approach against stan-
dard baselines. We contrast GASTON against text-only and hybrid baselines. BERT is
context-blind, ignoring social nodes. BERT 4 community2vec incorporates structure but
ignores user history. OMCA utilizes a full graph but initializes social nodes via naive text
averaging. GASTON (ours) introduces a dedicated BPR contrastive initialization for com-
munities and dynamic user aggregation (as detailed in Section 4.3.4), fusing structure and
semantics without simple averaging.

To generate high-quality input features, GASTON introduces two key methodologi-
cal advancements. First, for the text node encoder, we implement EmbeddingGemma
[15].This model is specifically optimized for generating dense semantic representations.
We combine the title and text content of each post and utilize the model’s specialized
retrieval-document prompt to generate a feature vector optimized for retrieval tasks.
Second, we explicitly decouple the initialization of social nodes (Users and Communities)
from the text nodes. Our model, GASTON, instead employs a dedicated contrastive learn-
ing strategy to learn structure-aware features for these entities, as detailed in the following
section.

4.3.2 Community Node Embeddings

We introduce a contrastive initialization strategy for our Community nodes. This is a
preparation step designed to pre-train rich structure-aware initial features for our commu-
nity nodes before they are further trained in our main GNN.

Our contrastive initialization method models the bipartite user-community interaction
subgraph. A bipartite graph consists of two disjoint sets of nodes (Users and Communities)
where edges only exist between sets, not within them. Drawing on inspiration from Col-
laborative Filtering [16], we treat this as a community recommendation problem. We first
initialize trainable embedding matrices for the complete set of all users and all communi-
ties. The model is then trained independently using a contrastive learning objective, which
is based on Bayesian Personalized Ranking (BPR) [37].

The training process is as follows:

1. A positive sample is created by selecting a (user, community) pair that exists in our
interaction graph.

2. A negative sample is formed by pairing the same user with a community they have
not interacted with.
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3. The model computes a similarity score for both the positive and negative pairs.

4. A ranking loss is used to optimize embeddings. This loss function pushes the simi-
larity score of the positive pair to be greater than that of the negative pair.

Formally, we optimize the model parameters © by minimizing the regularized BPR
objective. Given a user u, a positive community ¢; (observed interaction), and a negative
community ¢; (sampled unobserved interaction), the total loss L is defined as:

L=— Z Ino(cos(u, ¢;) — cos(u, ¢;)) + A||O]? (4.1)

(u,ci,c5)€ED

where o is the sigmoid function, A is the regularization hyperparameter, and cos(-, -)
denotes the cosine similarity between the user and community embedding vectors.

This process yields a set of community embeddings that are semantically organized
based on user co-membership patterns, capturing structural relationships independently
of any text content. These pre-trained community embeddings serve as the high-quality
initial feature representation for the community nodes in our GASTON architecture.

4.3.3 Model Architecture

The core of GASTON, as illustrated in Figure 4.4 is a multi-layer Heterogeneous Graph
Transformer (HGT) [21]. Through GASTON, we introduce trainable community param-
eters that allow the structural identity learned during initialization to be further refined
during pre-training.

Trainable Community Parameters

A defining feature of GASTON is the treatment of community features as learnable pa-
rameters rather than fixed input vectors. While text nodes rely on the EmbeddingGemma
encoder, the community node features Xcommunity are instantiated as learnable param-
eters within the GNN. In baselines like OMCA, the community feature Xcommunity 15
a static vector derived from averaging text. This locks the community’s identity to its
content. In contrast, GASTON instantiates Xcommunity as a trainable embedding matrix,
seeded with our structural BPR initialization. During the pre-training phase, gradients
from both the text reconstruction and edge generation objectives backpropagate to these
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embeddings. This allows the representation to drift from its initialization during training,
effectively learning a hybrid identity that balances its structural origins with the semantic
reality of the discussion. These optimized community embeddings are then frozen and
transferred to all downstream tasks, serving as a universal community profile.

4.3.4 Dynamic User Embeddings

From the collaboratively learned community embeddings, we generate dynamic user rep-
resentations.

User node features are then dynamically generated in each training batch. For every
user in a given batch, we identify all communities they are active in using a pre-computed
aggregation map. Their input feature is then calculated by performing a mean aggregation
operation over the current embedding vectors of their associated communities. We utilize
the mean operation as it is permutation-invariant and handles users with varying numbers
of community memberships effectively. To ensure efficiency during training, the mapping
of users to their communities is pre-computed and stored in an adjacency list before the
training loop begins.

Node Type Projections

To process these learnable community embeddings alongside the text embeddings, we im-
plement a Node Type Tagging layer. Before the first message-passing layer, every node’s
input feature vector X, is projected into a shared hidden dimension d via a type-specific
linear transformation. Formally, for a node v of type 7(v), the projected feature a s
calculated as:

HQEO) = Wf(v) - Xy + bﬂ'(v) (4'2)

where Héo) € R? is the initial projected hidden state for node v; X, is the original input
feature vector for node v (derived from EmbeddingGemma for text, or BPR initialization
for communities); 7(v) represents the node type of node v (e.g., User, Text, Community);
Wi € R%*din s the learnable weight matrix unique to that specific node type; and
brv) € R? is the corresponding learnable bias vector. This projection ensures that features
from different modalities (text vs. structural embeddings) are mapped into a shared latent
space before message passing begins.
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Maintaining distinct, trainable weight matrices Wreye, Wirser, and Weommunity ensures
that the model prevents representational collapse and that the semantic signal of a text
node and the structural signal of a community node stay distinct, even as they are projected
into the same latent space.

Heterogeneous Message Passing

Following this projection, the projected features H(® are fed into L layers of a Heteroge-
neous Graph Transformer. Unlike standard GNNs (e.g., GCN) which apply shared param-
eters, the HGT leverages our schema by maintaining specific parameters for each relation
type. This allows GASTON to learn context-specific aggregation, ensuring that the rich,
pre-trained community context is effectively propagated to users and posts.

4.4 Pretraining Setup and Tasks

GASTON is pre-trained on the full heterogeneous graph using a multi-task, self-supervised
objective, similar to the OMCA framework [30]. The final loss is a weighted combination
of two objectives: Text Reconstruction and Edge Generation.

1. Text Reconstruction (Masked Feature Regression): This task forces the model
to learn context. We randomly mask a fraction of text nodes in each batch, replacing
their input features with a single, shared, learnable mask embedding. The HGT
model must then use the surrounding graph context to predict the original, unmasked
feature vector. The output embedding of each masked node is passed through a
decoder, and the error between the reconstructed and original feature vectors is
minimized.

2. Edge Generation (Link Prediction): This task trains the model to capture the
intrinsic graph structure and learn the connections among users, text, and commu-
nities. This is formulated as a contrastive link prediction objective across all relation
types in our graph.

After the HGT model produces final node embeddings for a batch, a similarity score
(via dot product) is computed between relevant sets of source and target nodes. The
model is then trained to distinguish between positive edges and negative edges in the
batch.
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We use true connections as positive samples and all other potential connections within
the batch as negative samples, using cross entropy loss to directly optimize the model
to increase the similarity score for positive pairs, while decreasing it for negative pairs.
This unified objective effectively maximizes the likelihood of generating the correct
graph structure, ensuring the final embeddings are structurally aware.

The final training objective is a weighted sum of these two components: L = a- Liecon +
(1 — @) - Legge- Here, o is a hyperparameter that balances the importance of the semantic
reconstruction task versus the structural link prediction task. This ensures the model
learns to balance semantic understanding with structural awareness.

Figure 4.4 illustrates how our architectural choices drive the learning of community
identity. Crucially, note the Community Node (Orange) is not fed fixed features like the
text nodes. Instead, it is a trainable parameter (highlighted in the figure) that is updated
by gradients from both the text reconstruction loss (Lecon) and the edge prediction loss
(Ledge). This forces the community embedding to act as a bridge: it must be structurally
consistent to satisfy the edge task, but semantically informative enough to help reconstruct
masked text in its neighborhood.

4.4.1 Pretraining Metrics

As defined in our loss function, the model optimizes for Text Reconstruction and Edge
Link Prediction simultaneously. We use the following metrics to track convergence and
representation quality.

Text Reconstruction Metrics

For the masked language modeling task, we employ Mean Squared Error (MSE) to
quantify the semantic preservation of the node features. Given a batch of masked text
nodes, we compare the reconstructed feature vector #; (output by the decoder) against the
ground-truth feature vector z; (from the frozen EmbeddingGemma encoder). For a set of
masked nodes M, the loss is defined as:

1
Lrecon = Tarl sz - j\:ZH2 (43)
i 21— il

Minimizing MSE ensures that the GNN aggregates sufficient neighborhood context to
accurately recover the semantic content of a post without seeing its text.
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Figure 4.4: The GASTON Pre-training Architecture showing Text Reconstruction and
Edge Prediction tasks. The loss weighting parameter « is set to 0.5 to balance the semantic
and structural objectives equally.
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Edge Generation Metrics

For the link prediction tasks, we explicitly monitor performance on all forward edge types:
(Text, posted_by, User), (Text, posted_in, Community), and (User, active_in, Community).
We evaluate the model using Cross Entropy Loss.

As our edge generation objective treats link prediction as a binary classification problem
(distinguishing true edges from negative samples), this loss provides a direct measure of
how well the model discriminates between valid and invalid structural connections.

We compute the loss separately for each forward edge type to ensure the model is
learning all primary generative relationships effectively. For a given batch of N edges,
where y; € {0, 1} represents the true label (1 for real edges, 0 for negative samples) and g;
represents the model’s predicted probability, the loss is calculated as:

N
edge = Z Yi lOg yl 1 - yl) log(l - Z)l)] (44)

Minimizing this cross entropy loss indicates that the learned user and community em-
beddings are successfully aligned in the latent space, effectively maximizing the likelihood
of observing the true graph structure while suppressing random pairings.
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Chapter 5

Experiments and Discussion

5.1 Data

5.1.1 Pretraining Data

Reddit is a social media platform where individuals can interact in different online commu-
nities called subreddits. Each subreddit is topic-specific, and users can read, post, upvote,
and downvote other’s posts in their interested subreddit. Subreddits inherently possess the
characteristics of online communities, which makes Reddit an ideal data source for learning
context-aware representations of online discussions.

There are two types of posts on Reddit: submissions and comments. Submissions
are top-level posts in a subreddit, and comments are posts made below any submission.
Comments are threaded: They can be made directly on submissions or appear as a reply
to another comment.

The development of a high-quality representative dataset is a prerequisite for the suc-
cessful training and evaluation of machine learning models. The Reddit platform, with
its vast collection of user-generated content, presents an exceptional data source for the
study of online communities. This section details the multi-stage process for constructing
a focused and sanitized corpus from Reddit.

Our pre-training data is drawn from a comprehensive historical archive of the Reddit
platform, acquired via the Reddit API, consisting of all available user, community, and post
data within the selected time range. To address the heterogeneity of topics and community
dynamics, a stratified sampling strategy was used. We curated a representative subset of
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subreddits using data collected between January 2017 and December 2021. Instead of
sampling from the entire platform for that entire date range, which would introduce a
significant volume of data, we curated a representative subset of subreddits, and samples
a number of posts from each month. This was accomplished by covering all subreddits
found in our downstream tasks, in our pretraining dataset. This approach ensures that the
resulting corpus captures all subreddits in downstream tasks, and from analysis, we see
it covers a broad diversity of topics, ranging from highly technical discussions to general-
interest conversations.

To improve data quality and distill meaningful signals from the content, two primary
noise reduction heuristics were applied. First, only top-level submissions that received a
score of at least 25 were selected. This score-based filter acts as a community-driven signal
of quality, as posts with a higher score are more likely to contain substantive content and
less likely to be spam or low-effort submissions.

Second, conversational threads were truncated to a depth of four comments. This
pruning strategy removes the “long-tail” of discussion, which often consists of off-topic
remarks, personal exchanges, or repetitive content. By focusing on the initial, high-quality
portions of the threads, this step significantly reduces the presence of conversational noise
while retaining the core exchange.

The application of these curation and noise-reduction techniques yielded a clean, fo-
cused dataset consisting of about 6100 subreddits and a high-quality selection of posts and
their most relevant conversational content.

5.1.2 Downstream Tasks

The purpose of our chosen downstream tasks is to evaluate the generalizability of the pre-
trained model’s representations across different tasks. Moreover, we aim to demonstrate
that community and user representations are not just supplementary features, but integral
context required to disambiguate the meaning of text in these tasks. Our tasks can be
grouped into 2 categories; Node-Level Prediction and Edge-Level Prediction. Our set
of tasks span a range of goals, from text prediction to recommendation. Crucially, our
framework is not limited to these specific benchmarks. Any social dataset can be adapted
as a downstream task, provided it can be reconstructed into a graph representation linking
users, text, and communities. A table summarizing our downstream tasks, their categories,
and the corresponding datasets can be found in Table 5.1.
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Table 5.1: Summary of Downstream Evaluation Tasks

Task Dataset Size Type Graph Level Metrics
Mental Health Detection Dreaddit 4k Binary Classif. Node (Text) Acc, F1
Toxicity Scoring Ruddit 5k Regression Node (Text) RMSE, r
Norm Violation NormVio 45k Binary Classif. Node (Text)  Acc, F1

Hate Speech Detection ~ HatefulDisc. 61k  Binary Classif. Node (Text) Acc, F1
Comm. Recommendation Reddit (Ours) 9.8M Link Prediction Edge NDCG, MRR
Dreaddit

One of the key downstream tasks for evaluating the efficacy of our unified graph pre-
training model is Mental Health Stress Detection using the Dreaddit dataset [11]. This is
a classic binary classification problem that requires the model to predict whether a post
from a mental health subreddit expresses stress or no stress. We enriched the original text-
only dataset by retrieving the corresponding user and community data, transforming the
isolated posts into a connected graph. The primary challenge lies in the nuanced, context-
dependent nature of expressing mental distress online. Within our heterogeneous graph
framework, we fine-tune a simple classification head on the learned text node embedding.
The text node embedding captures the post’s content and its local social context (from
the author and the post’s community), along with information flowing from the commu-
nity node embedding, which provides a high-level representation of the subreddit’s overall
thematic and behavioral profile. We hypothesize that by utilizing this rich contextual
information, our approach will surpass pure text-only models by implicitly incorporating
both the specific social interaction and the expected thematic content of the community
itself.

Ruddit

The Ruddit dataset [19] is used as a critical benchmark for evaluating the model’s capac-
ity to detect and quantify offensive language and toxicity. Ruddit is unique because it
provides a fine-grained, real-valued score for the degree of offensiveness, ranging from -1
(maximally supportive) to +1 (maximally offensive). This enables us to formulate the task
as a regression problem, which is more challenging and informative than simple binary
classification. The model’s objective is to predict this continuous offensiveness score. We
use the text node embedding as the primary input to a regression head, with informa-
tion flowing from the community node embeddings. To generate heterogeneous graphs,
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we enriched the dataset by retrieving the corresponding user and community data. We
hypothesize the community node embedding helps the model recognize whether the text’s
tone or topic aligns with the specific, potentially tolerant or aggressive, norms learned for
that community. Success on this task will validate the pre-trained embeddings’ ability to
generalize from structural and semantic pre-training to a nuanced social dimension like
toxicity grading.

NormVio

The Norm Violation Detection (NormVio) task, based on the dataset introduced by Park
et al. [35], serves as a benchmark for evaluating the model’s ability to capture community-
specific rules and contextual sensitivity. This task is formulated as a binary classification
problem: detecting whether a comment violates that subreddit’s rules. The NormVio
dataset, compiled from conversations across thousands of subreddits, moves beyond simple
toxicity to encompass a wide spectrum of subreddit-specific rules enforced by moderators,
such as format, off-topic content, and incivility, often categorized into nine fine-grained
classes. Since the acceptability of a comment is highly dependent on the community’s
established norms, this task directly tests the GNN’s ability to leverage global context.
We once again reconstructed the missing social context by mapping the text samples to
their original authors and subreddits, thereby generating the heterogeneous graph required
for GASTON. We fine-tune a binary classification layer on the text node embeddings
(representing the comment) with information flowing from connected nodes, in particular,
the community node (representing the subreddit’s unique normative profile). GASTON
and all other baseline models are never explicitly provided with the text of the subreddit’s
written rules. Instead, it must infer these boundaries entirely from the latent patterns
encoded in the community embedding, effectively learning to recognize the “unwritten
rules” of the space. We hypothesize that the context of the community node embedding
will significantly improve performance over context-agnostic baselines by providing the
model with the necessary community nuances to determine if a specific piece of text truly
constitutes a violation within that social environment.

HatefulDiscussions

To assess the model’s capability for detecting high-stakes, socially sensitive content, we
utilize the HatefulDiscussions dataset, a curated corpus derived from the work by Hebert
et al. [17]). To suit the needs of this method and model, this task is framed as a bi-
nary classification problem, specifically focusing on classifying a comment as hateful or
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non-hateful, independent of its submission hierarchy. This setup allows the model to
concentrate specifically on the text content, the author, and the community context. We
fine-tune a binary classification head atop the pre-trained HGT and the HatefulDiscussions
constructed graph. This approach is crucial because the perceived severity and nature of
hate speech are often influenced by the norms of the containing community; what is tol-
erated in one subreddit might be flagged in another. By integrating the community and
user context, we hypothesize the model gains the necessary contextual lens to improve the
precision of hate speech detection, validating that our graph representations can effectively
capture and utilize the nuanced, community-specific social boundaries required for robust
moderation tasks.

Recommendation

To evaluate the pre-trained model’s proficiency in modeling user behavior and relational
patterns, we evaluate the Community Recommendation task, which is framed as an edge
prediction problem. This task requires the model to predict novel, yet likely, edges between
user nodes and community nodes, effectively predicting what communities a specific user
will likely engage with or “enjoy”. Crucially, this serves as our primary non-text-based
benchmark. Unlike the text-based classification tasks, this task directly assesses the quality
of the learned user and community representations as they relate to structural compatibility
within the graph. The fine-tuning process is set up as a typical edge prediction task:
we train a prediction head to score the probability of an edge existing between the user
node embedding and the community node embedding. During evaluation, the goal is to
distinguish between a set of true (observed) and false (unobserved) edges. We fine-tune
the model on user-community interactions completely disjoint from the pre-training set.
High performance on this task will validate that the pre-training objective successfully
learned transferable, high-quality relational features, enabling the User and Community
embeddings to align in the latent space based on genuine, unobserved user preference, thus
validating the pre-trained model’s utility in real-world recommender systems.

5.1.3 Evaluation Metrics

To evaluate GASTON across our diverse set of downstream tasks, we employ specific
metrics for each type of problem: classification, regression, and recommendation.
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Classification Metrics (Binary and Multi-Class)

For node-level classification tasks (Dreaddit, NormVio, HatefulDiscussions), we report Ac-
curacy and Macro-F1 Score. While Accuracy measures the overall correctness, Macro-
F1 is critical for our datasets, which often suffer from class imbalance. The F1-score is
calculated as the harmonic mean of Precision (P), the fraction of relevant instances among
the retrieved instances, and Recall (R), (the fraction of relevant instances that were re-
trieved).

Regression Metrics

For the Ruddit toxicity scoring task, which requires predicting a continuous value, we
evaluate performance using Root Mean Squared Error (RMSE) and Pearson Cor-
relation Coefficient ().

To calculate RMSE, we first compute the Mean Squared Error (MSE), which quantifies
the average squared difference between the predicted toxicity score § and the ground truth
score y. For a dataset of size N, MSE is defined as:

1 N

MSE = N Z:;(yz — ) (5.1)

We report the RMSE, which is the square root of the MSE:
RMSE =VMSE (5.2)

Using RMSE returns the error metric to the original scale of the dataset (toxicity scores
ranging from -1 to 1), allowing for a direct interpretability of how far, on average, the
model’s predictions deviate from human annotations. Additionally, Pearson’s r measures
the linear correlation between predictions and ground truth, indicating how well the model
ranks toxicity relative to human annotators.

Recommendation Metrics
For the User-Community recommendation task, which is a ranking problem, we adopt

information retrieval metrics: Mean Reciprocal Rank (MRR) and Normalized Dis-
counted Cumulative Gain (NDCG).
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MRR evaluates the model’s ability to place the correct community high in the predicted
list. For a set of users U, where rank, is the position of the ground-truth community in
the model’s sorted prediction list:

1 1
MRR = — 5.3
|U| I;]mnku (5:3)

NDCG@F (specifically at k& = 10) evaluates the quality of the top-k recommendations,
giving higher importance to correct predictions at the very top of the list. NDCGQFE is
calculated as the Discounted Cumulative Gain (DCG) divided by the Ideal DCG (IDCG).
DCG measures the quality of the ranking by summing the relevance scores of recommen-
dations, discounted logarithmically by their position in the list. IDCG represents the score
of a perfect ranking order.

5.2 Baselines

5.2.1 Naive Baselines

To establish a performance floor and quantify the value of graph modeling, we use two
simple text-based baselines. First, BERT-only serves as a context-agnostic benchmark; it
is a standard pre-trained BERT classifier fine-tuned solely on the textual content of the
post, ignoring all author and community information. Second, BERT + Community rep-
resents the simplest method of incorporating social context. In this model, we employ the
community2vec algorithm [31] to generate user-membership based community embeddings.
During fine-tuning, this community vector is concatenated with the BERT text represen-
tation before being passed to the classification head, allowing the model to see where a
post was made, but without the complex message-passing dynamics of a GNN.

5.2.2 OMCA

As our primary state-of-the-art comparison, we utilize our replication of the OMCA frame-
work [30]. As described above, OMCA is a heterogeneous graph transformer that unifies
users, text, and communities. However, it relies on a text-centric aggregation strategy
where community identity is merely a derivative of its content. We aim to shift this
paradigm by proposing a community-centric strategy that treats a community as a distinct,
first-class structural entity. This baseline allows us to directly test if GASTON’s structural
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contrastive initialization and modern embedding backbone offer an improvement over the
current standard in unified community modeling.

5.3 Experimental Environment

5.3.1 Hardware and Data Split

Experiments ! were conducted using an RTX 6000 Ada Generation GPU with 160 GB of
RAM and 16 CPU cores. All models, including GASTON, baselines, and all finetuned
models, were trained and evaluated using PyTorch, PyTorch Geometric, and PyTorch-
Lightning. PyTorch-Lightning is a deep learning framework which wraps PyTorch for
streamlined model training and evaluation.

The final graph used for training in all pre-trained models consisted of 6.4 million
pieces of text, 6132 communities, and 4.7 million users. Consequently, there were 6.4
million (Text, posted_by, User) edges, 6.4 million (Text, posted_in, Community) edges, and
21 million (User, active_in, Community) edges in our final pre-training graph.

The majority of our downstream tasks have a predefined train-test split. For the re-
maining datasets, we use an 80-10-10 train-test-validation split. We perform train, test,
and validation dataset splitting at the user level to prevent data leakage during training.
For downstream tasks, we use the provided train/test split where applicable, and use 15%
of the training data for validation. To manage dataset imbalance in the downstream task
data, we apply weights to each class when calculating Cross Entropy Loss. We apply
seeds in all models and data splitting to ensure reproducibility and fair comparison across
experiments.

5.3.2 Model Configuration and Training Details

All models shared a consistent hyperparameter configuration. The embedding dimension
for all node features and the hidden channel size within the HGT layers was set to d = 768.
The HGT architecture was composed of 3 layers employing 8 attention heads. In total,
the full GASTON model contains approximately 26 million trainable parameters.

LAll code, including experimental scripts, model and dataset configurations, are publicly available at
https://github.com/olhawloch/gaston
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For the pre-training phase, we utilized the Adam optimizer with a learning rate of
le—4 and a batch size of 128. To handle the scale of the full heterogeneous graph, which
exceeds typical GPU memory constraints, we employed a NeighborLoader to sample lo-
cal subgraphs for each batch. The loss weighting parameter «, which balances the text
reconstruction and edge generation objectives, was set to 0.5 across all experimental se-
tups. This value was selected to assign equal importance to both structural and semantic
learning signals, establishing a balanced baseline without biasing the model toward one
modality.

Each pre-trained model was trained for a fixed duration of 6 epochs to generate the pa-
rameters used for fine-tuning. This procedure is computationally intensive due to the high
memory consumption of the graph states; the pre-training of the fully trainable GASTON
model required approximately 34 hours to complete on the specified hardware.

5.4 GASTON Performance

Table 5.2 presents the main experimental results across all five downstream tasks. Overall,
we see consistent directional improvement in tasks with improved context. GASTON
achieves state-of-the-art performance on 3 out of 5 tasks, specifically excelling in socially
nuanced classification problems.

In the Norm Violation and Hate Speech Detection tasks, GASTON significantly out-
performs both the text-only baselines and the OMCA graph baseline (e.g., +21% F1 im-
provement over BERT on NormVio). This confirms our hypothesis that community-aware
representations are critical for detecting context-dependent violations. In Community Rec-
ommendation, GASTON also achieves the highest ranking performance, validating the
efficacy of our contrastive initialization.

However, for tasks with smaller datasets like Ruddit (toxicity) and Dreaddit (stress),
we observe that the simpler BERT baselines perform competitively with, or slightly bet-
ter than, the graph models. As detailed below, we attribute this to the risk of over-
parameterization when applying complex GNNs to data-scarce environments. Notably,
even in these cases, the BERT + Community baseline consistently outperforms the text-
only BERT baseline (e.g., 0.894 vs 0.854 Accuracy on Dreaddit). This reinforces our central
hypothesis: regardless of model complexity, incorporating community context is essential
for accurate social prediction.
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Table 5.2: We report Accuracy and Macro-F1 for classification tasks, Pearson’s r and
RMSE for regression, and NDCG@10 and MRR@10 for recommendation. Higher is
better for all metrics, except RMSE where lower is better ({). Best-performing model is
in bold.

Node-Level Tasks Edge-Level Task
Model Dreaddit NormVio HatefulDisc. Ruddit Recommend.
F1 Acc F1 Acc F1 Acc r RMSE (}) | NDCG@10 MRR@10
BERT-only 0.911 0.854 | 0.696 0.754 | 0.841 0.828 | 0.663 0.250 - -
BERT + Community | 0.939 0.894 | 0.710 0.761 | 0.889 0.854 | 0.670 0.248 - -
OMCA (Ma et al.) 0.929 0.878 | 0.961 0.953 | 0.916 0.892 | 0.525 0.292 0.011 0.009
GASTON (Ours) 0.914 0.856 | 0.971 0.967 | 0.920 0.901 | 0.598 0.271 0.055 0.061

5.4.1 Qualitative Analysis and Error Analysis

To better understand the quantitative results presented in Table 5.2, we conduct a quali-
tative analysis of specific failure and success cases. While the aggregate metrics on smaller
datasets (like Ruddit and Dreaddit) may lack statistical significance due to limited sample
sizes, this examination reveals a qualitative improvement in the model’s reasoning. We
find that GASTON consistently captures context-dependent nuances, such as distinguish-
ing support from toxicity, that text-only baselines systematically miss. This suggests that
despite the statistical limitations, the model’s underlying representations are better aligned
with the complex socio-semantics of online interaction.

The Challenge of Small Datasets: Ruddit

While GASTON outperforms OMCA on the Ruddit toxicity regression task (0.271 RMSE
vs 0.292 RMSE), we observe that the simpler BERT-based baselines achieve slightly su-
perior performance (0.248 RMSE). This phenomenon highlights the over-parameterization
risk inherent in complex Graph Neural Networks when applied to small datasets. The
Ruddit dataset contains fewer than 6,000 samples. In a data-scarce task, the structural
signal provided by the graph is sparse, and the model struggles to propagate meaningful
messages without overfitting. The BERT-only baseline, which relies solely on the semantic
content of the text without the overhead of learning graph topology, is less prone to this
noise on smaller datasets. This suggests that while GASTON excels at scale, its graph-
aware components require a critical mass of data to distinguish valid social signals from
noise.
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The Challenge of Small Datasets: Dreaddit

We observe a similar trend with the Dreaddit dataset. Through GASTON, we achieved
an accuracy of 0.856, which is effectively the same as the basic BERT baseline (0.854)
but slightly lower than the simpler BERT + Community method (0.894). With only
about 4,000 nodes in the training graph, it is possible that the dataset is too small for a
complex Graph Neural Network to be fully effective. While GASTON attempts to learn
deep structural relationships, there may not be enough interaction data here to generate a
strong signal. In this specific case, the simpler baseline, which just adds a static community
embedding to the text, appears to be the more efficient approach, providing helpful context
without the need for complex training.

Sparsity in Recommendation Tasks

For the Community Recommendation task, GASTON significantly outperforms OMCA
(NDCG@10 of 0.055 vs 0.010). However, the absolute values for these metrics remain low.
This is primarily driven by the extreme sparsity of the user-community interaction graph.
Our analysis reveals that the average user in the validation set has interacted with only
4.7 communities, with a median of just 2 interactions.

Furthermore, the evaluation metrics (NDCG and MRR) penalize the model for “in-
correct” ranking order. However, the ground truth data is binary (interaction vs. non-
interaction) rather than an ordered preference list. The model might recommend a highly
relevant community that the user hasn’t visited yet; in the evaluation, this counts as a
false prediction. If the dataset contained richer user histories, we hypothesize that the gap
between GASTON and the baselines would widen further, as the collaborative filtering
signal would be stronger.

Case Study: The Necessity of Community Context

The most significant performance gain is observed in the Norm Violation (NormVio) task,
where GASTON achieves an F1 score of 0.972 compared to the BERT baseline’s 0.696.
This massive improvement validates our core hypothesis: what constitutes a violation is
defined by the community, not just the text.

We highlight two examples from our test set where graph-based models (GASTON and
OMCA) succeeded while the text-only baseline failed.

Example 1: Sharing Personal Information
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“Can you add my snap? D**F*FXFEXEX108 'm 187

Prediction Analysis:

e BERT-only: Classifies this as Non-Violation. The model analyzes the semantics

and finds no toxicity, aggression, or hate speech. It interprets the text as a neutral
social request.

OMCA: Classifies this as Non-Violation. Despite using a graph structure, the model
fails to capture the specific constraints of r/teenagers. It prioritizes the benign
semantic content of the post over the signal indicating a rule violation.

GASTON: Correctly classify this as a Violation. The graph models incorporate the
r/teenagers community node, which represents a subreddit with strict safety rules
against sharing Personally Identifiable Information (PII) or soliciting off-platform
contact. By leveraging the community context, the models understand that ex-
changing Snapchat handles is a normative violation in this specific space.

Example 2: Unconstructive Commentary

“You're pretty enough to get a boyfriend? You're ahead of the rest of us.”

Prediction Analysis:

e BERT-only: Classifies this as Non-Violation. The text contains positive sentiment
words like “pretty” and “ahead”, which confuses a model trained primarily on toxicity
or sentiment. It likely interprets this as a compliment.

Graph Models (GASTON & OMCA): Correctly classify this as a Violation. In
the context of this being in the BodyDysmorphia subreddit, this comment functions
as a backhanded compliment or unconstructive comparison, violating the norm “Be
Kind”. The graph models perceive the misalignment between this type of post and
the community’s established norms for supportive interaction.

These examples demonstrate that text-only models suffer from context blindness, and

existing graph models miss the nuance in these pieces of text. They fail to detect violations
that are defined by rules rather than by vocabulary. GASTON provides the grounding to
align the definition of a violation with the specific social environment.
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Case Study: The Echo Chamber Effect in Extreme Communities

A failure mode of models like OMCA is the “normalization of toxicity” within echo cham-
bers. If a community’s discourse is uniformly extreme, the average semantic vector of that
community will reflect that extremism. Thus, a hateful comment might be mathemati-
cally close to the community’s center, leading the model to interpret it as normative and
therefore acceptable.

We observe this phenomenon clearly in examples from r/TumblrInAction, a subreddit
known for extreme anti-progressive rhetoric that has since been banned from the platform
for violating Reddit’s hate speech policies.

Consider the following examples from this community which GASTON correctly iden-
tified as Hateful, but OMCA misclassified as Non-Hateful:

e “The act of blowing a tr*nny takes on very, very different meanings depending on
the context...”

e “chh... it gets iffy. Some people aren’t cool with it even if they have a vagina. [...] If
it happened to me I’d be hurt maybe a little offended, but overall I would understand
and not blame the [sic]. (unless they went full-on tr*nny hate)”

e “She’s pretty well-known for being volatile [...]. Screaming at and berating the ref for
doing his job [...] shows an astonishing lack of class. She was acting like a selfish
brat and ruined the actual winner’s big moment by being such a tw*t. I'm appalled
anyone is defending her behavior.”

Failure Analysis:

e OMCA: OMCA initializes the community representation by averaging the posts
within it. In a subreddit like r/TumblrInAction, where hostility was the norm,
these comments align with the average discourse. The model likely perceived these
comments as fitting the community standard and classified them as non-hateful.

¢ GASTON: GASTON learns the community’s identity through user co-occurrence.
The users active in r/TumblrInAction likely overlapped with other controversial or
high-toxicity communities. GASTON learned a community embedding that placed
r/TumblrInAction in a high-risk region of the latent space. Consequently, when the
model processed these comments, the Community Node acted as a bias correction,
effectively acting as a contextual prior. Crucially, this does not mean the model
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labels all speech in this community as hateful. Rather, for ambiguous or borderline
content—which might pass as neutral in isolation—the model uses this negative com-
munity signal to shift the decision boundary, correctly identifying the hateful intent
that text-only models miss.

This provides evidence that GASTON is robust to the “Echo Chamber” effect, capable
of detecting toxicity even when it is the dominant norm within a specific subgroup.

5.4.2 Embedding Visualization

To validate the qualitative structure of our learned representations, we project a sample
of the final community embeddings into a 2D space using t-SNE (t-Distributed Stochastic
Neighbor Embedding), a statistical method for visualizing high-dimensional data by giving
each datapoint a location in a two or three-dimensional map. Our community embedding
visualization can be seen in Figure 5.1. Figure 5.1 reveals that GASTON can successfully
organize the latent space into distinct, semantically coherent clusters. We observe tight
groupings of communities based on shared topics and user bases:

e Mental Health: Communities such as r/depression, r/suicidewatch, and r/anxiety
form a dense cluster, reflecting the high user overlap and shared support function of
these spaces.

e Politics: Political subreddits, including r/democrats, r/republican, and r/politics,
cluster together. Notably, despite their ideological differences, the model places them
in the same structural neighborhood, capturing their shared utility as forums for po-
litical discourse.

e Canadian: Subreddits tailored specifically to Canadians clearly form a cluster in
the top left quadrant of the embedding space, showing their contextual similarity
amongst other subredddits.

e Finance & Crypto: A distinct cluster emerges for financial interests, grouping

r/investing with r/bitcoin and r/wallstreetbets.

This geometric organization demonstrates that GASTON has successfully translated
user interaction patterns and semantic signals into meaningful proximity, where the dis-
tance between two community vectors serves as a proxy for their sociological similarity.
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Figure 5.1: GASTON Trained Community Embeddings

Crucially, this structure emerges without the need for manual curation. Unlike Waller and
Anderson [16], who mapped the social landscape by explicitly projecting communities onto
axes defined by researcher-selected poles, GASTON enables latent sociological dimensions
to surface organically. We do not impose a predefined normative framework. Instead, the
organization is derived entirely from the user-community and semantic topology of the
graph.
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5.5 Ablations

To isolate the contributions of specific components within GASTON, we evaluate three
variations of our architecture:

1. GASTON (Frozen Embeddings): In this ablation, we initialize community nodes
using our contrastive (BPR) method, but freeze these weights during the graph pre-
training phase. This tests whether the structural signal learned from user-overlap is
sufficient, or if the community representations benefit from being updated based on
semantic signals during pre-training.

2. GASTON (Average Initialization): This ablation removes our contrastive ini-
tialization and replaces it with the text-averaging strategy used by OMCA (initial-
izing a community as the mean of its posts). By keeping the rest of the GASTON
architecture identical, this ablation isolates the specific impact of modeling commu-
nities based on structure versus semantics.

3. GASTON (with XLNet): This ablation replaces our text encoder, EmbeddingGemma,
with XLNet, matching the encoder used in OMCA. This allows us to disentangle the
performance gains attributed to our graph architecture from those attributed simply
to using a more modern, instruction-tuned language model.

Table 5.3: We analyze the impact of the language model (Gemma vs. XLNet) and the
community initialization strategy (Trainable Community vs. Frozen vs. Average Initial-
ization). Higher is better for all metrics, except RMSE where lower is better ().

Node-Level Tasks Edge-Level Task
Model Variant Dreaddit NormVio HatefulDisc. Ruddit Recommend.
F1 Acc F1 Acc F1 Acc r RMSE (J) | NDCG@10 MRR@10
GASTON (Ours) 0.914 0.856 | 0.971 0.967 | 0.920 0.901 | 0.598 0.271 0.055 0.061
Community Initialization Ablations
with Frozen Embeddings 0.888 0.816 | 0.972 0.977 | 0.896 0.873 | 0.422 0.304 0.057 0.066
— with Average Init 0.906 0.842 | 0.754 0.783 | 0.885 0.861 | 0.386 0.312 0.052 0.069
Language Model Ablation
— with XLNet (instead of Gemma) | 0.889  0.817 | 0.971 0.978 | 0.913 0.895 | 0.561  0.277 | 0.033 0.043

5.5.1 Impact of Language Model Architecture: XLNet vs. Em-
beddingGemma

As shown in Table 5.3, replacing XLNet [19] with EmbeddingGemma [15] yields consistent
performance gains across all tasks, most notably in the Ruddit regression task and Rec-
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ommendation. We attribute this improvement to the fundamental difference in training
objectives between the two models. XLNet is a generalized autoregressive pre-training
method designed primarily for sequence generation and probability estimation. While ef-
fective for many NLP tasks, it is not explicitly optimized to produce dense, semantically
meaningful vector representations of full sentences without fine-tuning.

In contrast, EmbeddingGemma is an encoder-only model that has been instruction-
tuned specifically for retrieval and representation tasks. This means its latent space is
geometrically organized such that semantically similar concepts are clustered closer to-
gether before they even enter our graph.

5.5.2 Community Initialization Strategy: Trainable vs. Frozen
Weights

A core contribution of GASTON is the use of collaboratively learned community nodes
which are initialized using a contrastive BPR objective, then fine tuned during our pre-
training task. In this ablation, we investigate whether these initialized weights should
remain fixed (acting as a static structural prior) or be trainable (allowing them to evolve).

Frozen Embeddings: When we freeze the community embeddings after the con-
trastive initialization step, the model still outperforms the Average Initialization baseline
significantly (e.g., NormVio F1 of 0.971 vs 0.754). This confirms that the structural “signa-
ture” learned from user membership patterns is highly predictive: knowing who interacts
in a community is more informative than simply averaging what they write.

Trainable Embeddings: However, the fully trainable approach achieves the best
overall performance. By allowing the initialized weights to be updated during the graph
pre-training phase, GASTON benefits from both structure and semantics. The BPR, ini-
tialization provides a strong prior belief about which communities are related based on user
overlap. The graph training then refines this position based on the text content flowing
through the network. This allows the community embedding to evolve into a hybrid rep-
resentation: it starts as a purely structural entity (defined by its user base) and becomes
a socio-semantic entity (defined by its users and its evolving norms), providing the rich
context necessary for nuanced tasks like norm violation detection.
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5.6 Societal Implications: From Algorithmic Censor-
ship to Informed Engagement for Mental Health

The quantitative results presented above demonstrate GASTON’s performance across stan-
dard metrics. However, in the domain of computational social science, and particularly in
mental health applications, standard metrics do not fully capture the societal impact of a
model.

This section discusses the implications of our findings, moving beyond the traditional
goal of automated moderation, as done in previous research and in practice [3]. We argue
that instead of building better censorship capabilities, we should use community-aware
representations to empower users with the transparency they need to navigate online spaces
safely.

5.6.1 The Double-Edged Sword of Online Support

As discussed in Chapter 1, social media acts as a double-edged sword for mental health
[1]. Research indicates that while online communities provide vital peer support and
identity affirmation for marginalized groups, they also carry significant risks. These include
exposure to toxicity, misinformation, and “problematic use” patterns that correlate with
anxiety and depression [38, 30].

A critical failure of standard text-only models in this domain is their tendency to
flatten this complexity. By treating all negative text as toxic, context-blind models risk
dismantling positive support networks. For example, a user venting about distress in a
recovery group might be flagged for removal, stripping them of their support system when
they are most vulnerable.

5.6.2 Emotional Contagion and User Agency

While support is vital, online communities can also facilitate the formation of echo cham-
bers that normalize distress and amplify emotional contagion, which is the phenomenon
where users unconsciously converge on the emotional states of their peers [20].

For vulnerable individuals, the risk is not merely exposure to explicit abuse (which
standard models can catch), but exposure to maladaptive norms. A community that subtly
encourages rumination or normalizes self-destructive behavior can trap users in a negative
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feedback loop, often without their realizing it. Traditional context-blind models fail to
detect this risk because they analyze posts in isolation, missing the cumulative normative
pressure of the environment.

GASTON addresses this gap. By learning a distinct representation for the community
itself, our model captures the emotional baseline of a digital space, distinguishing between
a support group that fosters recovery and an echo chamber that reinforces pathology. This
enables a shift from moderation to user agency, effectively providing the building blocks
of an “algorithmic nutrition label” [241] that has the potential to provide users with the
ability to assess the health of a community before engaging.

This transparency goes beyond simple descriptive statistics by leveraging the implicit
signals encoded within GASTON’s latent representations. By analyzing the geometric
neighborhoods of a community within the embedding space, the system can identify la-
tent associations—such as a gaming community that clusters surprisingly close to political
extremist groups—that would be invisible to surface-level analysis. Furthermore, these
representations can be augmented with external resources. By projecting external toxicity
scores or independent reliability ratings onto the embedding space, we can define seman-
tic axes (e.g., a “hostility plane”) that allow us to quantify a community’s orientation
relative to known safe or harmful clusters, providing users with a multidimensional risk
assessment.
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Chapter 6

Conclusion

6.1 Conclusion

The central thesis of this work is that the meaning of online interaction is nuanced; it is
dynamically constructed through the interplay of content and community norms. While
modern language models have made immense strides in understanding what is written, this
thesis establishes the necessity of community-centric representation learning. We demon-
strate that for socially nuanced tasks, accurate modeling requires capturing not just the
semantic content, but the structural identity of where it is written, treating the community
itself as the critical lens through which all interaction is interpreted.

In this thesis, we presented GASTON, a unified heterogeneous graph architecture that
successfully integrates the semantic power of language models with the structural insights of
GNNs powered by transformers. By challenging the convention of initializing strategies, we
introduced a Contrastive Initialization technique that prioritizes communities as entities,
which are then fine tuned during pre-training to generate meaningful contextual represen-
tations for downstream tasks. Our extensive evaluation confirms that this approach yields
promising representations. Whether detecting norm violations or recommending commu-
nities to users, GASTON proved that a model grounded in the structural reality of the
network can read the room that it is in.

Beyond quantitative metrics, this work contributes to a necessary shift in how we
approach online safety. We argued that the prevailing strategy of automated moderation,
which treats safety as a binary classification task, is insufficient for the complex social
landscape of the modern web. Instead, we propose that the true utility of community-
centric representation learning lies in transparency.
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Mitigating harm in Al systems requires leveraging context to understand suitability.
GASTON leverages this principle for social media. By effectively combining structural and
semantic signals, GASTON provides a robust foundation for mapping the complexity of our
online social landscape. This capacity to model unique social dynamics allows us to repre-
sent the inherent nuance of social interactions. We recognize that online discourse is rarely
black and white, but exists in a gray area governed by local norms. Ultimately, GASTON
demonstrates that by capturing the rich, heterogeneous context of online networks, we can
build systems that do not merely process text, but truly understand discourse online.

6.1.1 Limitations and Future Work

Although GASTON established a strong foundation for community-centric representation
learning, several high potential avenues remain for future research.

Incorporating Temporality with Dynamic Graphs

The current GASTON model, like most pre-training frameworks, operates on a static snap-
shot of the graph, aggregating interactions over time. This approach is computationally
efficient, but temporally blind, ignoring the dynamic nature of online communities. A
significant next step would be to model the graph as an evolving sequence of events. This
could be achieved by adapting the GASTON architecture into a Temporal Graph Network
(TGN) [39]. In this setup, interactions like a user posting, a user joining a community,
or text replying to another would be treated as timed events. The model would learn
node representations that evolve over time, potentially using a memory module to main-
tain a compressed history of each user and community. This would unlock the ability to
model community evolution, user interest drift, and the real-time propagation dynamics of
a phenomena like misinformation or emerging mental health crises.

Improving the Graph with Richer Relations and Features

The current graph, while effective, could be enriched to capture a more detailed view of
social interactions. A key improvement would be adding more granular edge types, such
as (text,replying_to,text) relations. Modeling the explicit reply-tree structure of conver-
sations would allow the GNN to learn even more conversational context, distinguishing
between top-level comments and deep, branching discussions. Furthermore, the nodes
themselves could be enriched with additional features beyond their learned embeddings.
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Further research may consider augmenting user nodes with features representing their ac-
tivity frequency or account age, while community nodes could include features for size,
post velocity, or other dynamic properties.

Latent Community Detection

While GASTON operates on the explicit, predefined structure of subreddits, online com-
munities often contain distinct sub-groups or cliques. Future work could explore using the
learned embeddings to perform latent community detection. This would allow the model
to identify cohesive sub-communities within a subreddit (e.g., participants of schools of
thought within a political forum) or across subreddits, offering a more granular view of
social structure than the platform’s boundaries provide.

The Cold Start Problem and Platform Scale

As detailed in Section 5.1, our pre-training strategy ensured that all subreddits appear-
ing in downstream tasks were present in the training graph, allowing the model to utilize
their learned structural embeddings. Consequently, communities completely unseen dur-
ing pre-training would suffer from the cold start problem, as they lack a learned vector
representation [52]. Future work should explore methods to generate embeddings for new
communities based on their initial text content. However, it is worth noting that GAS-
TON is explicitly designed for large-scale, platform-wide deployment. Its primary strength
lies in its ability to digest massive historical logs to model the stable core of a network.
In production environments, where the vast majority of traffic occurs within established
communities, this platform-wide coverage ensures that the strongest context is available
where it is most needed.

Multi-modal Representation Learning

Social media is an inherently multimodal environment, yet our model currently processes
text, ignoring images and videos within posts. A powerful extension would be to incorpo-
rate the visual modality associated with posts. This would involve transforming GASTON
into a Multimodal Graph Learning (MGL) framework, similar to architectures proposed
in recommendation domains [17]. In such a model, text node’s initial representation would
be a fused embedding derived from both its text content and its image content. This may
enable the model to capture a deeper understanding of content that relies on the interplay
between text and image, such as memes, info-graphics, or visual-based hate speech.
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Development of Ethically-Sourced, Large-Scale Datasets

A persistent challenge in this field is the availability of high-quality, large-scale labeled
datasets. Many existing datasets for tasks like mental health analysis are either small,
rely on proxy-labels (e.g., post removal), or have missing and/or deleted user information.
These datasets also often label multiple substrings in a single post, which results in an even
smaller dataset after consolidating labels at a post level, which was done in GASTON.
Future work should call for the creation and open-sourcing of more nuanced, ethically
sourced, and annotated datasets specifically designed for computational social science.
These datasets are critical for validating models on complex social tasks and ensuring they
generalize across platforms.

Explainability and Social Responsibility

As we propose a socially aware community-modeling tool such as GASTON, the inter-
pretability of the model becomes a critical requirement. GASTON, like most deep learning
architectures based on GNNs and Transformers, currently operates as a black box. While
effective, its decision-making process remains hidden.

Future iterations of GASTON should incorporate Explainable AT (XAI) mechanisms to
further strengthen the relationship between model performance and user trust. Research
should focus on adapting GNN explanation methods, such as GNNExplainer [51], to the
heterogeneous domain. By identifying which specific neighbors (users or communities)
or edge types contributed most to a classification, we can provide users with granular
reasoning for a risk score. Furthermore, analyzing attention weights within the Transformer
layers [1] could reveal whether the model is reacting to specific features or to the broader
normative history of the author.

This transparency is a prerequisite for socially responsible Al, specifically regarding
algorithmic bias. Online networks often reflect societal inequalities, and there is a risk that
graph embeddings may inadvertently encode these biases. This is known as algorithmic
segregation. If a community is predominantly composed of a marginalized group, the
model must not learn to associate the identity of that group with toxicity simply due to
correlation in the training data. Future work must explore Fair GNN Frameworks [7] that
use debiasing techniques to ensure that learned community representations do not rely on
sensitive attributes, allowing them to remain fair without losing their usefulness for social
analysis.
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User-Facing Community Transparency

Historically, improved classification models have been used to fuel automated moderation.
These models act as censorship machines that hide content deemed unsafe. We propose
a fundamentally different application: using GASTON to create a Community Nutrition
Label that empowers users to make their own safety decisions.

This tool could provide users with a summary of a community’s health and character-
istics. For instance, it could visualize a community’s nearest neighbors in the embedding
space (revealing its thematic alignments), or it could use the embedding as input to down-
stream classifiers that generate risk scores for toxicity, polarization, or echo-chamber effects.
By presenting this community footprint to users, we could empower them to make more
informed decisions about their engagement, help them identify potential echo chambers,
and allow them to measure the community distance and normative differences between
their current environment and new communities they wish to explore.

This algorithmic nutrition label can provide users with:

e Pre-Exposure Risk Assessment: Before engaging with a new community, a user
could view a “footprint” derived from the community’s alignment in the Ruddit and
Dreaddit tasks. This might reveal that a specific gaming community has a high
hostility score, or that a discussion group has a high distress normalization score.

e Informed Consent: This transparency shifts agency back to the user. Rather than
an algorithm paternalistically hiding content, the user is equipped with the data to
decide what they are emotionally resilient enough to handle at that moment.

This approach parallels recent advancements in “Dataset Nutrition Labels” [5], which
demonstrate that raw ingredients alone are insufficient for assessing safety. It is the leverag-
ing of context, specifically how data maps to intended use cases, that mitigates downstream
harms. Similarly, GASTON uses the learned context of community norms that has the
potential to act as a social nutrition label. Just as a dataset might be well-suited for
one model but biased for another, a community’s norms may be supportive for one user
but toxic for another, a distinction that can only be made visible by surfacing the latent
context of the network.

By rendering the invisible social context visible, GASTON transforms the definition of
safety from restriction to awareness, allowing users to navigate the complex mental health
landscape of the internet with their eyes wide open.
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