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Abstract

Context is crucial for understanding the world and making informed decisions. While
existing transformer architectures excel at contextualizing information locally, such as other
words in a sentence, they fail to factor in broader, macro-level contexts. We identify
available yet underutilized macro contexts in three use cases: online discussions, federated
learning, and recommender systems. For each, we motivate the need to leverage existing
macro context and propose context-aware solutions based on the transformer architecture.

In online discussion boards, the rich conversational and multimodal macro context
in which a comment is made is often overlooked. This is especially pertinent in hate
speech detection. Classical solutions that examine individual comments in isolation fail
to account for this context, leading to ambiguity and misinterpretation. For instance,
the comment “Ew, that’s gross!” has a different interpretation depending on whether
it’s in response to food or sensitive issues like LGBTQ rights. Furthermore, images that
accompany text can also provide crucial context. We propose mDT, a novel deep learning
model architecture based on graph transformer networks, which incorporates this valuable
context when evaluating the hatefulness of individual comments. Our experimental results
demonstrate a 7% F1 improvement over existing baselines that do not utilize this context,
and a 21% F1 improvement over previous graph-based methods.

Second, we tackle the context-agnostic paradigm of federated learning. The prevalent
Federated Averaging (FedAvg) method statically averages model weights, failing to ac-
count for the crucial macro-level context of heterogeneous-agent environments, leading to
a suboptimal, one-size-fits-all model. For example, autonomous driving agents exploring
rural roads acquire different knowledge than those in urban settings, and this environ-
mental context is lost in the process. We propose FedFormer, a novel federation strategy
that leverages transformer attention to enable each agent to weigh and selectively incor-
porate insights from its peers in a context-dependent manner. In turn, FedFormer enables
a more effective, efficient federation that respects and adapts to environmental diversity
while preserving privacy. Our experiments across environments in MetaWorld, a set of
heterogeneous robotic manipulation tasks, demonstrate improvements of 1.48x to 3.41x
over FedAvg.

Finally, in recommender systems, the user’s intent can provide critical personalization
context. Simple approaches rely on collaborative filtering, which only models implicit
(micro-level) user preferences by extrapolating from historical data. Our solution, Flare,
proposes a contextual recommender system that empowers users to steer recommendations
via explicit natural language queries (e.g., “Staplers”, “Webcams”). Flare’s architecture



fuses collaborative filtering signals with semantic representations of both the user’s explicit
query and item descriptions, bridging the gap between long-term preferences and the con-
text of the user’s immediate goals. Our experiments using the Amazon Product Reviews
datasets show a 1.7x and 2.53x increase in recall@1 and recall@10, respectively, compared
to approaches that do not factor in user intent.
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Chapter 1

Introduction

The ability to make sound judgments is fundamentally tied to the understanding of context.
Isolated pieces of information, devoid of their surrounding circumstances, are often am-
biguous and can lead to flawed conclusions. Consider the single word “fire.” In a crowded
theatre, it is a life-saving alarm. On a firing range, it is a command. In a boardroom,
it is a termination notice. The word itself is merely data; its context—the environment,
the speaker’s intent, and the audience—is what transforms it into meaningful information
upon which to act. The importance of considering context presents both a foundational
challenge and a significant opportunity for the field of artificial intelligence, where systems
are increasingly tasked with making critical decisions where context is abundant. It is this
challenge that drives this thesis.

The advent of the Transformer architecture marked a significant development in Natural
Language Processing, particularly regarding the representation of context. Unlike Recur-
rent Neural Networks (RNNs) or Naive Bayes classifiers, which are limited by sequential
processing constraints or independence assumptions, Transformers utilize self-attention
mechanisms to model global dependencies between inputs regardless of their distance in
the sequence [Vaswani et al., 2017]. This architecture has demonstrated superior perfor-
mance in capturing complex contextual nuances within text. Consequently, the utility of
the Transformer has extended beyond NLP, becoming a prevailing architecture for tasks
requiring contextual modelling in fields such as computer vision [Kim et al., 2021, Tschan-
nen et al.; 2025, Alayrac et al., 2022], recommender systems [Sun et al., 2019, Kang and
McAuley, 2018], and multi-agent systems [Igbal and Sha, 2019].

Despite this progress, we find that these applications often focus on a “local” or “micro”
context: the relationship between words in a single document or pixels in an image. For
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Figure 1.1: Across three domains, this thesis shifts the unit of analysis from a local, micro-
context lens (inner dashed circles) to a holistic, macro-context lens (outer solid circles).

many complex, real-world problems, a wealth of additional context exists at a “macro”
level, encompassing broader environmental, social, or interactive signals. We argue that
systems failing to leverage this macro context risk making uninformed decisions that mis-
represent their inputs and ultimately limit their effectiveness. As such, this thesis explores
the following question: “How can we effectively ground Transformer architectures to make
decisions using broad macro-level context?”.

To explore this question, we analyze three domains in which understanding macro-
context is pivotal yet underutilized, and we propose novel Transformer-based architectures
explicitly designed to integrate richer forms of context, thereby disambiguating inputs for
more nuanced and robust Al systems. Across all three domains, our contributions center
on adapting the Transformer’s attention mechanism to model macro-level context. By
repurposing the model’s ability to weigh relevance, we enable the dynamic integration of
broader signals, from conversational structures and agent networks to explicit user intent,
directly into the decision-making process.



1.1 Guide to the Thesis and Research Contributions

This thesis is organized into four parts. The first three parts of this thesis each explore a
different domain where macro-context is available (Figure 1.1). Our central thesis in each of
these parts can be formulated as identifying available yet underutilized contexts, developing
novel transformer-based architectures to incorporate them, and proposing methodological
contributions to assess their usefulness. As our pursuit of macro-context-aware models
spans many domains, each part begins with a domain-specific background chapter rather
than a single, encompassing one. Chapter 2 contains the common background for all parts
of this thesis, introducing transformers and attention.

Part I: Context of Social Media Conversations In Part I, we explore the domain
of social media analysis, with a specific focus on hate speech detection. Existing methods
typically restrict their analysis to the text or image of a single, isolated comment. We
argue, however, that the broader macro-context context of the discussion is essential to
disambiguate the a comment’s intended meaning. For example, a phrase like “That’s
gross!” can be benign or hateful depending entirely on the thread it belongs to. Capturing
this context presents a significant technical challenge, as standard text Transformers cannot
naturally model the branching, tree-like structure of a discussion. Furthermore, standard
Graph Neural Networks often struggle to capture long-range dependencies, such as those
required to model semantic dependencies within a discussion.

To address these challenges, we propose the Multi-Modal Discussion Transformer (mDT).
Our solution is built on the intuition that conversations share structural properties with
molecules—just as atoms form molecules through bonds, comments form discussions through
replies. Using this formulation, we adapt Graph Transformers, originally designed for
molecular modelling [Ying et al., 2021}, to model interactions among comments within a
discussion tree. mDT further innovates by interweaving text and image layers directly into
graph layers, enabling active grounding of micro-comment semantics in macro-discussion
semantics. To validate this paradigm, we introduce HatefulDiscussions, a novel dataset
of complete multimodal discussion trees that contain all requisite text, image, and graph
modalities. Our experimental results demonstrate a 7% improvement in F1, measuring
overall classification performance, over existing text-only baselines, underscoring the criti-
cal value of incorporating structural macro-context. Notably, we also demonstrate a 21%
improvement in F1 over previous graph-based methods, further validating our architec-
ture’s incorporation of graph-based context.



Part II: Context of Federated Agents In Part II, we turn our attention to multi-agent
federated reinforcement learning. Here, the “micro-context” is an individual agent’s local
information (e.g., the current environment of an agent), while the “macro-context” is the
collective knowledge of a fleet of agents operating in diverse, heterogeneous environments
(e.g., sunny vs. rainy conditions). The primary challenge in this domain is that the
prevalent federated learning method, Federated Averaging (FedAvg) [McMahan et al.,
2017], aggregates agents’ weights via averaging, resulting in a single one-size-fits-all model
for all agents. In heterogeneous environments, this approach may result in a model failing
to specialize, as knowledge from one agent in one environment may introduce noise and
degrade performance in a conflicting environment. For instance, knowledge gained in one
context (e.g., a self-driving car on a rural road) may be irrelevant or even detrimental in
another (e.g., a dense urban environment).

To address this, we propose FedFormer, a Transformer-based federation strategy that
treats the federation process as a contextual routing problem. By leveraging the atten-
tion mechanism in Transformers, FedFormer enables an agent (the Query) to dynamically
weigh the contributions of other agents (the Keys and Values) based on their relevance
to its current environment. This enables agents to selectively learn from relevant peers
while ignoring conflicting information, based on macro-level information. Notably, Fed-
Former achieves a more effective and efficient federation while still preserving privacy. We
evaluate FedFormer on the Meta-World robotic benchmark, a set of heterogeneous robotic
manipulation tasks, and find that FedFormer significantly outperforms FedAvg, achieving
between 1.48x to 3.41x faster convergence. FedFormer’s architecture also uniquely enables
the ability to onboard new agents into existing federation networks, reducing the number
of steps required for convergence relative to standard methods by up to 11x compared to
FedAvg and 6.5x over non-federated methods (Soft Actor Critique [Haarnoja et al., 2018]).

Part III: Context of Sequential Recommender Systems In Part I1I, we examine
how to incorporate user intent into hybrid sequential recommenders. Sequential recom-
mender systems utilize the temporal context of previous interactions (i.e. purchases or
clicks) to recommend items to users. This process is often implemented through collabo-
rative filtering, which leverages community homophily by recommending items based on
learned behavioural similarities among users. Hybrid sequential recommenders extend this
idea by incorporating content features, such as product descriptions and other attributes,
into the recommendation process, bolstered by the strong world knowledge of Large Lan-
guage Models (LLMs). However, this emphasis on community homophily often comes at
the expense of user agency, resulting in rigid recommendations that fail to capture a user’s
current intent.



To this end, we propose Flare, a hybrid sequential recommender that efficiently inte-
grates collaborative filtering, content features, and natural-language user intent (Chapter
8). Our architecture utilizes a Perceiver Transformer network to address the integration
challenge. The Perceiver employs a small set of latent vectors to “bottleneck” and ef-
ficiently fuse multimodal inputs, combining CF embeddings, text descriptions, and user
queries, into a compact learnable representation. Notably, this enables our model to adapt
to explicit natural-language queries while leveraging historical patterns. To evaluate Flare’s
ability to capture intent, we propose a novel evaluation paradigm and metrics that directly
measure the overlap between intent and retrieved items. Our results using a dataset of
Amazon product reviews [Ni et al., 2019] show an improvement of 2.53x in recall@10,
measuring retrieval capabilities, compared to approaches that do not factor in user intent.

Part IV: Putting Everything into Context In the final part of this thesis, Part IV,
we discuss the common threads that unite our contributions in this thesis and the common
directions for future work. Here, we also discuss how the empirically validated ideas in this
thesis can have a broader social impact, intersecting with themes in Al for Social Good
and Responsible AI. We believe that these directions are especially crucial today as Al
systems assume increasingly consequential roles.

Across these three diverse applications—hate speech detection, federated learning, and
recommender systems—a familiar narrative emerges. Models often operate on isolated,
local information while ignoring the richer macro-level context in which it is embedded.
By developing novel architectures that explicitly model conversational structures, environ-
mental heterogeneity, and direct user intent, this thesis demonstrates a path toward more
intelligent, adaptable, and grounded AI systems.



Chapter 2

Background

Understanding the context of information is especially important in Natural Language
Processing (NLP), a domain of artificial intelligence that aims to understand and generate
language. We begin this thesis by first introducing prior work that laid the foundation for
the attention mechanism and the transformer architecture, the primary focus of this thesis.
We start by introducing recurrent neural networks in Section 2.1, then additive attention in
2.2 and finally transformers in Section 2.3. Within section 2.3, we also discuss encoder-only
transformers in Section 2.3.1, the variant we use in this thesis, and transformer pre-training
in Section 2.3.2.

2.1 Recurrent Neural Networks

Much of the work in this thesis traces its origins to the Recurrent Neural Networks (RNNs).
RNNs are networks that attempt to capture temporal dependencies within a sequence of
items, such as words in a sentence [Elman, 1990, Jordan, 1986, Lang et al., 1990, Jaecger,
2001]. This process differs significantly from standard feed-forward neural networks, which
can only process fixed-size inputs. RNNs achieve this by sequentially updating an internal
hidden state vector (h;) that acts as a memory of the sequence processed so far.

At a high level, RNNs maintain a hidden state h; at each time step ¢, from which a
corresponding output y; is derived. The hidden state is constructed by learning a function
combining the current input z; with the hidden state from the previous step, h;_;. The
model’s output y; at that timestep is then computed as a learned projection of h;. This
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Figure 2.1: The seq2seq architecture. Here, the RNN model first reads the input sequence
‘ABC‘, then produces ‘WXYZ’. The model switches to decoding when receiving the ‘end-
of-sequence’ token. Figure taken from Sutskever et al. [2014]

recurrent process can be formally expressed as:

ht = O'}L(Wxﬁt + Whht_l) (21)
v = WYy

where WX, W and WY are learned weight matrices, and o}, is a non-linear activation
functions (typically tanh). This mechanism allows the RNN to gradually build a contextual
representation of the sequence, with the final hidden state h; theoretically encoding a
summary of the entire input. Follow-up work includes Long Short-Term Memory (LSTM)
networks [Hochreiter and Schmidhuber, 1997] and Gated Recurrent Units (GRU) networks
[Cho et al., 2014], with various improvements, such as forget and context gates, to enhance
memory.

RNNs have also demonstrated strong performance on text generation tasks, such as
the seminal seq2seq method by Sutskever et al. [2014] shown in figure 2.1. In seq2seq,
an encoder LSTM processes the source sentence (‘ABC’) to create a final hidden state
vector h,, ignoring intermediary g; predictions, summarizing the input sequence x. Then,
h, is used to prompt a decoder LSTM to auto-regressively generate an output sentence
(‘WXY?Z’), where the predictions y, are fed back into the model as x;.

2.2 Attention

The reliance on fixed-size hidden state vectors h; led to two fundamental challenges. The
first was the information bottleneck: By forcing RNNs to compress the meaning of a poten-
tially long, complex sentence into a single fixed-size vector, RNNs would lose information



as more tokens are processed. This, in turn, would cause RNNs to “forget” crucial informa-
tion from the beginning of the sequence [Pouget-Abadie et al., 2014]. The second issue is
the vanishing gradient problem [Hochreiter and Schmidhuber, 1997]. As the network pro-
cessed a sequence, the gradients of earlier tokens on the final output would diminish with
each successive update. Consequently, RNNs struggle to learn how to capture long-range
dependencies.

To address the information bottleneck, the attention mechanism was introduced by
Bahdanau et al. [2015], inspired by theories of human attention. The core insight was
that instead of forcing the decoder to rely on a single summary of the input, it should be
allowed to “look back” at the entire input sequence at every step of the generation process
and learn to focus on the most relevant parts. This process is performed by creating a
contextual representation of the input c;, weighted by attention weights «;;, which are
calculated based on the importance of the input word at position ¢ at timestep t. For
example, consider the sentence “Liam wrote an incredible thesis”. When processing the
word “thesis”, the word “Liam” would likely receive greater attention due to its contextual
relevance, while “an” would receive less. The attention mechanism can be seen as analogous
to database retrieval: the model sends a query and gets a reply that is a weighted sum of
values, proportional to how closely the query resembles its corresponding key.

In practice, Bahdanau et al. [2015] implements the additive attention mechanism (figure
2.2) by extending RNNs to create an attention context vector ¢; and state vector s; as:

Y = 9(Yu-1, St, Ct) (2.3)
St = f(yH, St—1, Ct) (2-4)

where f and g are learned RNN layers. The context vector ¢; is constructed as follows:
First, the input x is encoded using an encoder bidirectional LSTM, to create an initial
set of representations h; € H for each token in z; € X (as in equation 2.2). Then, an
alignment score e;; is computed between the previous state s;_; (the query) and each of
the H representations (the keys). This is done using a single-layer feed-forward network
as follows:

er; = vTtanh(Ws,_, + W¥h,) (2.5)

where WQ, WX and v are learnable weight matrices trained with the rest of the model.
It is the addition W®s,_; + WP, that gives additive attention its namesake.

Following the computation of the alignment scores e, ;, each score is normalized using
a softmax function, ensuring that all scores sum to 1:

exp(er;)
H
St eap(en)

ap; = softmax(e;;) = (2.6)



Figure 2.2: RNN additive attention. The inputs are first encoded using a bidirectional
RNN to create h;. Then, the state s; is created as a product of s;_; and an attention
weighted oy ; representation of z. Figure taken from Bahdanau et al. [2015]



where |H| is the cardinality of encoder representations. Then, the context vector (¢;) is
created as the attention oy ; weighted sum of all encoder representations

Ct = Z g ih; (2.7)

where the resulting context vector ¢; is a weighted summary of the input sequence as it
relates to the current state s;. In essence, each attention weight oy ; represents the amount
of “attention” the model pays to each encoded token.

2.3 Transformers

Encouraged by the performance gains enabled by attention, Vaswani et al. [2017] proposed
removing the sequential nature of RNNs entirely by replacing all model layers with atten-
tion operations. The result is the Transformer architecture (figure 2.3), the primary focus
of this thesis. The key innovation behind the Transformer is the self-attention mechanism.
The core idea behind self-attention is to replace the recurrent context vectors s; and ¢; by
applying the attention mechanism directly to all tokens x € X in the input.

Extending equation 2.5, self-attention (figure 2.4) is computed as
XWQ. (XWV)T
Vid

where WQ, WX WV are learned projection matrices that create query, key, and value
representations, respectively. The alignment score computed by XWQ-(XWV)T is divided
by the square root of the embedding dimension of X, v/d, to reduce the variance of the
resulting sum.

Sel f Attention (XWQ,XWK,XWV) = Softmax ( ) XWVY (2.8

Note the difference in the attention softmax operation compared to additive attention,
which now computes in parallel an RI¥I*IXI attention matrix representing all-to-all atten-
tion between all tokens in the input at each layer. The result is a vastly more expressive
and efficient attention operation, enabling higher-order relationships between tokens and
richer contextual representations.

A causal attention mask is typically applied during text generation, where the attention
weights for future tokens are set to —oo to prevent earlier tokens from attending to future
ones (left side of figure 2.5). Additionally, Transformer models typically consist of multiple
self-attention blocks stacked, each operating on a subset of the embedding dimension d
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Figure 2.4: The self-attention mechanism. Figure taken from Vaswani et al. [2017]

(referred to as an attention head), to form the multi-head attention block [Vaswani et al.,
2017]. This improves efficiency and enables reasoning on different embedding subspaces.

Putting it all together, a transformer consists of sequential layers of self-attention fol-
lowed by a feed-forward layer F'/F'N, given as

X" = X' 4 FEN(MultiHead Attention(X'W<, X'WE  X'WV))

where X'*! is fed into the next transformer layer '. Note that, without sequential recursion,
Transformer layers cannot directly differentiate the order of their inputs. To address this,
Transformer models encode position by inserting positional information into X. This is
typically done using either learned additive positional encodings at the input token level
[Vaswani et al., 2017, Devlin et al., 2019], or, more recently, using position-wise vector
rotations during each self-attention operation [Su et al., 2024].

2.3.1 Encoder-Only Pre-Trained Transformers

While the original Transformer proposed by Vaswani et al. [2017] used an encoder-decoder
architecture for sequence-to-sequence tasks (such as translation), subsequent work found
that the encoder stack alone yields powerful representations for language understanding.

'For the sake of brevity, we omit the layer normalization layers which occur after multi-head attention
and the feed forward layer.
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Figure 2.5: Attention masks used by the Transformer architecture. Causal (left), used for
text generation tasks, enforces that tokens can not attend to future tokens. Bi-directional
(right), used for encoder-only tasks, allows full bidirectional all-to-all attention, including
future tokens.

The most influential model in this class is BERT (Bidirectional Encoder Representations
from Transformers), proposed by Devlin et al. [2019].

The encoder-only architecture consists of a stack of Transformer layers (as described in
section 2.3) that process the input sequence in parallel. Unlike autoregressive models (such
as GPT [Brown et al., 2020]) or the original Transformer model, which must use a causal
mask to limit attention to future tokens, the encoder-only Transformer uses bidirectional
self-attention (right side of figure 2.5). This means that every token in the sequence can
attend to every other token, including future tokens, within each layer.

A key contribution of the BERT encoder-only architecture is the introduction of the
“[CLS]” (short for classification) token, appended at the start of the input sequence. Be-
cause the self-attention mechanism allows every token to attend to all others, the hidden
state of the “[CLS]” token can aggregate information from the entire input sequence. The
final representation of this token serves as a fixed-length, holistic representation of the full
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Jaegle et al. [2021].

input text, which can be fed into a simple classification layer (e.g., a linear projection layer
followed by softmax) for tasks such as sentiment analysis or hate speech classification.
While the [CLS] token is the standard mechanism for sequence aggregation, recent re-
search has explored alternative methods to derive fixed-length global representations. For
instance, Sentence-BERT [Reimers and Gurevych, 2019] demonstrated that applying mean
pooling to the output token representations often yields superior semantic embeddings.

Of particular relevance to this thesis is the Perceiver architecture [Jaegle et al., 2021],
which is used in Chapter 8 (Figure 2.6). Unlike standard Transformers that maintain
a 1:1 ratio between input and output tokens, the Perceiver is designed to distill high-
dimensional inputs into a concise, fixed-size latent representation. This is achieved through
an asymmetric cross-attention mechanism. In this setup, the Query (@) matrices are
projected from a small set of fixed, learnable latent vectors, while the Key (K) and Value
(V') matrices are projected from the original input sequence. The attention mechanism
is then refined during training to select and compress only the most salient information
from the variable-length input into the compact latent vectors, creating an information
bottleneck. This decoupling of the latent space from the input size allows the Perceiver to
efficiently process and fuse very large or multi-modal contexts.
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2.3.2 Pre-training Transformer Models

Pre-training has been extensively explored in natural language processing (NLP) to ad-
dress data scarcity [Radford et al., 2018, Devlin et al., 2019]. The core premise behind
unsupervised pre-training is that leveraging linguistic information from unlabeled data can
be a valuable alternative to further manual annotation [Radford et al., 2018]. For instance,
training a model first to understand English syntax and grammar is a transferable skill to
determining whether an English comment contains hate speech. Building on the concept of
transferable skills, pre-training proposes simple tasks that operate on virtually unbounded
amounts of data to learn foundational skills relevant to downstream tasks. This, in turn,
enables Transformer models, such as BERT [Devlin et al., 2019], to acquire substantial
world knowledge applicable across many domains, including those examined in this thesis.

Pre-training tasks in NLP can be categorized into two groups: generative and con-
trastive [Hu et al., 2020a]. Generative pre-training tasks involve reconstructing masked
or permuted input sequences to their original form, with a focus on refining token-level
representations. A seminal example of generative pre-training is the masked language mod-
elling (MLM) task used by bidirectional transformers, proposed by Radford et al. [2018].
In MLM, tokens in a sequence are randomly replaced with “[MASK]” tokens (i.e. “[CLS]
Liam wrote a [MASK] thesis!”) and the model is tasked to predict what the missing word
was (i.e. “incredible”). Notably, this task can be applied to arbitrary text and exercises
the model’s ability to learn language semantics, a valuable capability for downstream tasks
[Radford et al., 2018]. In practice, generative pre-training is typically performed either as
a classification task, in which the model selects the original input from a set of options
(e.g., tokens) and optimizes a cross-entropy loss [Radford et al., 2018], or directly using
embedding similarity with an L2 loss [Hu et al., 2020a].

While generative tasks aim to refine models at the local token level, contrastive tasks
aim to refine models’ ability to capture global information (i.e., at the sentence or docu-
ment level). In essence, contrastive tasks align global representations of examples so that
semantically similar examples (positives) are pulled closer together and dissimilar examples
(negatives) are pushed apart in a shared embedding space [Oord et al., 2018]. A prevalent
example of contrastive pre-training is the next-sentence prediction task, where a model is
given two sentences and must predict whether they follow each other (i.e., are correlated),
using random sentences as negatives 2. A similar task can be formulated in document re-
trieval, where a model is tasked with aligning document representations with corresponding

2We note that this task can also be formulated as a classification task, where both input sequences are
concatenated into one model.
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search query representations, where random documents are sampled as negatives [Nogueira
et al., 2020].

In practice, contrastive pre-training is often formulated using the InfoNCE loss [Oord
et al., 2018]. Given two embedding sets a € A and b € B where items a;, b; are positive
pairs, InfoNCE loss consists of optimizing

a—b softmax b—a softmax
18 cap((ai-b)/7) , expl(a-b/r)
— lo lo 2.9
8 2 S caplian b)) S (b)) >

where a and b consist of L2 normalized representations of a and b, respectively, 7 is a
temperature scaling parameter used to sharpen the similarity distribution. B denotes the
sample size of A and B used in the current model iteration, referred to as the batch size.
Note that the denominator is based on similarity to other embeddings in the batch, referred
to as in-batch negatives. We discuss the potential of contrastive pre-training in Part III
and Part IV of this thesis.
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Chapter 3

Background and Roadmap

3.1 Roadmap

In part I of this thesis, our focus is on understanding the complex, multi-faceted nature
of social media discussions. In particular, we are interested in proposing methods to
disambiguate the meaning of online comments towards hate speech detection, using the
broader discussion as a vital source of context.

We start by defining the relevant background in this chapter. Section 3.2 details related
work in multi-modal models, models that jointly process both text and images, and their
applications towards hate speech detection. Next, section 3.3 details related work on
Graph Neural Networks (GNNs) and techniques for processing graph-structured data, such
as molecules. In our work, we adapt GNNs to instead model the connections between
comments. Towards this, section 3.4 presents our preliminary study of applying Graph
Transformers, a Transformer variant of Graph Neural Networks, to model conversational
context (section 3.4, complemented by a qualitative study in section 3.5). These studies
motivate many design decisions made in chapter 4, such as the power of Graph Transformers
to model context, and the need to consider the impact that images can have on meaning.
Section 3.6 establishes related background in multi-modal hate speech detection.

In Chapter 4, we introduce the Multi-Modal Discussion Transformer (mDT). Our ar-
chitecture combines Graph Transformers with multi-modal image and text models to holis-
tically encode conversations. In contrast to our study in section 3.4, which sequentially
encodes comments and then aggregates them using a Graph Transformer, mDT inter-
weaves discussion context with comment-modality layers. This enables comments to be
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actively perceived in the context of the discussion, rather than only considered post-hoc.
To evaluate our unique paradigm of multi-modal discussion-aware hate speech detection,
we propose HatefulDiscussions, a dataset that includes complete multi-modal discussion
trees.

Within that Chapter, section 4.1.1 outlines the mDT architecture and section 4.1.3 out-
lines the HatefulDiscussions Dataset. We then describe our results in section 4.2, comparing
mDT’s performance against other comment-only and graph-based hate speech detection
methods in section 4.2.2. We also conduct various ablation studies, varying our multi-
modal mechanism (section 4.2.3), graph attention mechanism (section 4.2.4), graph fusion
mechanism (section 4.2.5) and the effect of including images (section 4.2.6). We conclude
with a qualitative analysis of mDT’s behaviours in section 4.2.7 and a discussion on future
directions 4.3. Section 4.4 summarizes our contributions.

3.2 Hate Speech Detection

Transformer-based encoding models, such as BERT, have significantly improved natural
language processing by capturing textual semantics [Devlin et al., 2019]. Inspired by these
developments, methods such as HateXplain [Mathew et al., 2021] and HateBERT [Caselli
et al., 2021] have been introduced to detect hateful comments on social platforms, focusing
solely on text. Similar work in Babanejad et al. [2020] has explored applying BERT for
affective sarcasm detection.

Progress in automated hate speech detection relies on the availability of high-quality,
annotated datasets for evaluation. Several prominent datasets have emerged in this field,
each with its own characteristics and focus. HateXplain [Mathew et al., 2021] contains
post annotations for three-class hate classification (hate, offensive, or benign), the specific
community targeted by the speech and the rationale behind each annotation decision.
HateXplain contains posts collected from Twitter and Gab and aims to facilitate research
on detecting hate speech and understanding its rationales [Mathew et al., 2021]. Another
dataset focusing on granular hate speech detection is ETHOS [Mollas et al., 2022], which
includes multi-class labels for posts regarding the type of hate speech present (e.g., violence,
directed vs. general, and categories such as gender, race, and religion). Other datasets,
such as Davidson et al. [2017], MetaHate [Piot et al., 2024], Gong et al. [2021], Founta
et al. [2018], and Zampieri et al. [2019], focus on binary classification but cover a broader
range of posts.

Despite this progress, many of these techniques overlook a vital modality: the context
of discussions. The prevailing emphasis remains on datasets and techniques that analyze
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singular comments, bypassing the contextual significance of the prior discussion. This
research addresses this limitation by proposing methods to ground comments in a discussion
context.

3.3 Graph Neural Networks

Graph Neural Networks (GNNs) have emerged as the dominant paradigm for learning
representations from graphs, such as social networks, molecular structures, and knowledge
graphs. Formally, given a graph G = (V| F) with a set of vertices V' and edges E, the goal
of a GNN is to learn a d-dimensional feature vector (embedding) h, for every node v € V
that captures both its semantic content and its structural role within the graph.

The majority of modern GNNs; such as GCN [Chen et al., 2018], GraphSAGE [Hamil-
ton et al.; 2017] and GAT [Velickovi¢ et al., 2017], operate under the Message Passing
framework. This paradigm relies on the graph’s local connectivity to propagate informa-
tion. Each layer of a Message Passing GNN consists of two operations: Aggregate and
Combine.

For a specific node v at layer k, the Aggregate operation pools feature information from

its local neighborhood N (v):
al®) = AGGREGATE™ ({A{"V :u e N(v)}) (3.1)
where o) is the aggregated message. Common aggregation functions include summation,

mean pooling, and max pooling. Subsequently, the Combine operation updates the node’s
representation by fusing its current state with the aggregated message:

B — COMBINE® (R0, q®)) (3.2)

Through this iterative process, a GNN with k layers enables a node to capture information
from neighbours k£ hops away. However, this local reliance presents a significant limitation:
capturing long-range dependencies requires stacking many layers. This often leads to the
“oversmoothing” problem, where node representations converge to indistinguishable values,
causing the model to lose track of the distinct structural context required for holistic
analysis.

Graph Transformers arose to address this limitation by adapting the self-attention
mechanism to graph-structured data [Ying et al., 2021]. Conceptually, Graph Transformers
generalize the Message Passing framework by replacing the fixed, local Aggregate operation
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with a learnable, global attention mechanism. Instead of aggregating only from immediate
neighbours A (v), a node attends to all other nodes in the graph to compute its update.

In this paradigm, the structural information, previously implicit in the neighbourhood
aggregation, must be explicitly injected into the model. Since standard self-attention is
permutation-invariant (i.e., it treats the graph as a “bag of nodes”), Graph Transformers
rely heavily on structural encodings (such as centrality or spatial encoding) to inform the
attention mechanism about the graph’s topology [Ying et al., 2021]. This shift from local
message passing to global, structure-aware attention is the foundational principle behind
the architectures proposed in the following section.

3.4 Guiding Study of Graph Transformers for Predic-
tive Hate Speech Detection

This section showcases the first step we took toward developing the Multi-Modal Discussion
Transformer, discussed in the following chapter. Here, we examined whether considering
discussion context could help predict the propensity of comments to turn into hate speech
using a graph transformer called Graphormer. In the following section (section 3.5), we also
conduct an extended examination of Graphormer’s qualitative behaviours, which motivated
many design decisions in mDT. In particular, our findings motivated the need to include
multimodal representations of comments.

To achieve proactive detection, we hypothesize that it is vital to consider the unique
latent communal norms and behaviours that underpin social groups. Content that may
trigger a hateful reaction from members of one group can elicit a different response from
members of another group. This focus is inspired by a recent study by Cinelli et al.
[2021], which found that online communities are prone to the “echo chamber” effect, where
extreme ideals can be encouraged and amplified. As such, learning these cultural norms
and behaviours is essential to properly model the direction of a conversation and determine
whether it leads to hate speech.

Considering all these observations, the question is how to design a framework that can
perform a rich analysis of branching social media discussions with a view to proactive
hate speech prediction, and also how best to design experiments to demonstrate whether
community-specific analysis provides essential benefits.

The focus of this study is on Reddit, a social platform where discussions take place
in diverse topic-oriented communities called subreddits. These communities are highly
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varied, ranging from aww, to discuss cute animals, and politics, to discuss political affairs.
Beyond their subject differences, prior work by Waller and Anderson [2021] found that
these communities exhibit significant differences in their social makeup and discussion
behaviours. For example, discussions on The Donald were found to have a significant
right-leaning political bias, whereas politics shows an opposing left-leaning bias. Within
these communities, conversations take place in branching tree structures where any user
can reply to other users’ comments, forming a linked chain of replies that can branch into
sub-discussions. In addition to textual replies, users can explicitly express their opinion by
upvoting (approving) or downvoting (disapproving) other users’ comments.

The need for a deeper analysis of discussions, with critical consideration of the relevant
context, becomes apparent when examining the Reddit excerpt in Figure 3.1. Focusing on
the first interaction is insufficient for detecting a tendency towards hate, as these initial
comments are actually relatively benign. Indeed, what is perhaps most troubling about
this excerpt is the snowballing effect of anti-social sentiment as the discussion progresses.

In this work, we study a novel approach to platform moderation that addresses these
challenges. First, it is important to encode the complex lexicon unique to online discussions
properly [Belli et al., 2020]. To do this, we use a fine-tuned BERT language model trained
on hateful text from various social media platforms [Mathew et al., 2021, Devlin et al.,
2019]. This allows our system to utilize contextual language embeddings of each node in
the discussion graph as initial feature representations.

Next, to capture the structure of conversations, we propose adaptations to Graphormer
[Ying et al., 2021], a state-of-the-art graph transformer network. Notably, our application of
Graphormer is significantly different from its original purpose of detecting global molecular
properties. Instead, we use Graphormer to predict whether nodes (comments) in our
discussion graph are likely to lead to hateful conversations. By adopting this model, we
benefit from a self-attention aggregation over the entire graph, enabling the model to
learn contextual relationships among relevant comments in the discussion. Our end-to-end
solution uses the language model’s embeddings as the representation for each vertex in our
discussion graph, which are then aggregated and transformed by our Graphormer model
to produce final node-level predictions.

To train such a system, we assemble a dataset of 333,487 discussion graphs from different
Reddit communities. Each node in a discussion tree is then algorithmically labelled with
an ordinal value (0-4) based on the prevalence of hate speech in the discussion that follows
under that node. By utilizing a ranked representation of hate, we recognize that encouraged
hateful behaviour can be more damaging than discouraged hateful behaviour, and that not
all hateful behaviour is equivalent. We then investigate the impact of modelling specific
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Figure 3.1: Example of a Reddit Discussion



communal influence by measuring the performance of our system against variants trained
on a single Reddit community.

We conclude this study with a reflection on how our proactive approach to predicting
hate speech can improve users’ online mental health. This final discussion will shed more
light on the significant value we derive from considering trees of conversations in social
media, rather than simply interpreting whether a single comment conveys hate speech.

3.4.1 Methods
Data

To train our model, we collected Reddit posts from 2018 to 2019 using the Pushshift APT!,
focusing on the The_Donald, IAmA, AmITheAsshole, and Politics communities. This
resulted in a dataset of 333,487 posts and 6,531,455 comments. These communities were
selected for their frequent and lively discussions on various topics and for known differences
in community norms [Parmentier and Cohen, 2019, Waller and Anderson, 2021].

Due to the dataset’s size, it is not feasible to label every subtree by hand. Instead,
we rely on several proxy features. First, we use the scores (upvotes and downvotes) that
users assign to comments on Reddit. We use an aggregated tally of these scores to model
the inflammatory nature of a given comment to a community. We also use the BERT
Hate-Explain hatefulness prediction of comment text [Mathew et al.; 2021] and the graph
structure as proxy variables. This approach of using algorithmic labelling builds on prior
work on labelling hate speech on social platforms, such as Parmentier and Cohen [2019] and
Brassard-Gourdeau and Khoury [2021], among others. In each of these systems, algorithmic
methods such as HateXplain substitute human reviewers to label a sufficiently large dataset.

Leveraging these proxy terms, we compute the hate propensity label of a comment L.,
by computing a weighted sum (w., w, and w;) over three symbolic terms that estimate
how hateful the conversation is stemming from that node: Context C,,, Reaction R,,, and
Influence I.,. For a given comment ¢; with parent comment p;, and replies s € S;, we

thttps://github.com/pushshift /api, which Reddit has since taken down
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compute each term as follows:

W. = hate. X score, (3.3)
C.=W, (3.4)
R. =W, (3.5)
1
L= L (3.6)
|SZ| s€S;
i1
Lc _ wcCc + w’I‘RC + Wil (37)

We + W, + w;

where W, is a weighted hate score calculated using the upvote-downvote score (score..)
of the comment and hate. is the hate prediction logit created by HateXplain, mapped to
(—1,1). W, is the weight of the parent comment. By mapping the hatefulness score to
(—1,1), we allow benign comments (-1) to cancel out the hatefulness of other comments.
As I. depends on the labels of replies, we compute L. depth-first, starting with the leaf
nodes and aggregating to the root comment. We found that setting label weights w, =
w, = w; = 1 yielded the most balanced performance, explored in section 3.4.2.

Since L. can have a wide range due to the incorporation of score., we quantized L. into
buckets of [< 0], [0-5], [6-20], [21-500], [500 <] to standardize L. to a 0-4 ordinal scale of
increasing propensity. Using ordinal values enables social media moderators to prioritize
the most hateful content and deploy distinct policies for each ordinal class.

Finally, to analyze the model’s ability to predict hate speech proactively, we use a subset
of each labelled discussion tree as the model’s input. We achieve this by taking a horizontal
slice of the discussion tree, ensuring the tree has a maximum depth of 4 comments from the
root. We then removed all comments that did not lead to a sub-discussion of at least two
comments, ensuring a valid .. signal was included in the label. As a result, the leaf nodes
of our trimmed discussion tree are parent nodes of at least two other comments, requiring
the model to predict the hatefulness of an unseen future discussion. Table 3.1 shows the
number of comments before and after filtering for the four communities we selected, and
Table 3.2 indicates the final distribution of labels.

Graphormer

Our approach modifies the Graphormer model of Ying et al. [2021] with the HateXplain
model by Mathew et al. [2021]. Notably, the original Graphormer architecture was pro-
posed and geared towards molecular modelling and graph-level predictions [Ying et al.,
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Subreddit ‘ Comments ‘ Comments after Filtering

The_Donald 6 531 455 3 005 612

Politics 6 127 723 1457 321

AmltheAsshole | 4 135 270 1 381 200
TAmA 183 284 30 415

Table 3.1: Community Sample Size for the RedditHate Dataset

Subreddit / Label | 0 o | 2 | 3 | 4
AmltheAsshole | 1103 308 | 183 108 | 39 815 | 45371 | 9598

TAmA 27890 | 2240 | 216 68 1
The_Donald | 2310 601 | 441 746 | 133 534 | 117 091 | 2640
Politics 1 087 286 | 264 570 | 54 311 | 45563 | 5 591
Total | 4529 085 | 891 664 | 227 876 | 208 093 | 17 830

Table 3.2: Label Distribution

2021, Stienstra et al., 2024, 2025]. However, our task is to make node-level predictions
of the propensity to engage in hateful conduct. Despite this, our focus on capturing the
entire discussion context makes the Graphormer architecture appealing.

Given a discussion C' with comments ¢ € C, each represented with text t., we start by
encoding each comment using a frozen HateXplain BERT model. Concretely, we create
initial comment embeddings as

9 = BERT(t.)

and utilize the final pooler token cicrg) to represent each comment ¢ € D. This step
establishes a foundational understanding of the text that comprises each comment.

After creating embeddings for each comment in the discussion, we deploy G Graph
Transformer layers to aggregate contextual information from the other comments (Figure
3.2. Note that our use of Graph Transformers differs significantly from the original proposed
use for molecular modelling [Ying et al.; 2021]. We do this by representing the discussion
as a graph, where each node is a comment, and edges connect parent comments to replies,
akin to a molecule.

Since transformer layers are position-independent, Graph Transformers include two
learned structure encodings. The first is Centrality Encoding, denoted z, which encodes
node degrees in the graph [Ying et al., 2021]. Since social media discussion graphs are
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Figure 3.2: Graph Transformer Layer proposed by Ying et al. [2021]
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directed, the degree of comments is equivalent to the number of replies a comment receives,
plus one for the parent node. We implement this mechanism as

PO — O 4 2y (33)
where A" is the initial embedding of ¢ in the graph and 244 is a learned embedding
corresponding to the degree deg(c) of the comment.

The second structure-encoding is Spatial Encoding, denoted s(, ), which encodes the
graph’s structural relationship between nodes a and b in the graph. This encoding is added
as an attention bias term during the self-attention mechanism. That is, we compute the
self attention A, between nodes a,b as

(he X Wg)(hy x Wk)
Vd

where Wg and Wy are learned weight matrices and d is the hidden dimension of h. In this
study, we follow previous work that utilizes Graph Transformers and adopt the shortest
path between nodes as the spatial encoding. Here, this represents the number of turns
between comments.

Aap) = + S(a) (3.9)

After G successive Graph Transformer layers, we take the final node embedding of
each comment to represent our contextually grounded embeddings ¢*, which we use for
classification.

A naive approach to training Graphormer for the proactive hate speech task (section
3.4.1) would be to treat the 0-4 scale as a classification problem with five distinct classes.
However, this would ignore the dependent ordinal nature of the labels and the risk of
penalizing predictions that are close. For instance, given a ground truth label of L. = 3,
predicting either L, = 2 or L. = 4 would be more correct then predicting L. = 0. To
capture this dependency, we model the task as a regression problem using an Ls loss,
mapping the comment embeddings c¢* to a single logit. Note that we produce predictions
for every comment in the discussion in a single forward pass, amortizing the computational
overhead of the graph transformer layers.

3.4.2 Findings

In our experimental evaluation, we first investigate whether global discussion context en-
ables more accurate detection of future hateful discussions (results in Section 3.4.2). This
is motivated by contrasting against other attempts at detecting hate speech, which often
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Method | Al | 0 | 1 | 2 | 3 | 4

1.066 | 0.556 | 0.946 | 1.275 | 2.213 | 3.817
1.485 | 0.473 | 1.228 | 1.872 | 2.661 | 5.883

Graphormer
GAT

Table 3.3: Model Performance (L2 Loss) of Graphormer compared to GAT on each label,
with All representing performance on the whole dataset

rely on just a single comment or the closest neighbours of a comment [Parmentier et al.,
2021, Brassard-Gourdeau and Khoury, 2021, Huang et al., 2018]. Second, under the lens of
modelling diverse discussion semantics, we investigate whether models trained on specific
communities outperform those trained on all communities (results in Section 3.4.2). We
then conclude with a sensitivity analysis of our hate labelling function in Section 3.4.2.

We use the standard Graphormer variant, consisting of 10 transformer layers with a
hidden dimension of 769, as described in the original work. Additionally, we utilized the
AdamW optimizer with a peak learning rate of 2e-4, which linearly decayed after a warmup
period [Loshchilov and Hutter, 2018]. We applied an L2 regression loss for training and as
an evaluation metric. This loss function is given as

n

Ly =Y (Y = Yprea)’ (3.10)

i=0
where n is the number of labels (in our case, 5), y is the ground truth label and y,cq.

This is important because our dataset is imbalanced towards smaller hate-label values.
Due to computational constraints, a batch size of 16 was used over ten epochs, and only
the Graphormer model was fine-tuned. To evaluate the model’s performance, we split the
comments into 10% for validation and 20% for testing, following the approach of Chen
et al. [2018]. We utilize the validation set for hyperparameter tuning in our experiments.
Each model was trained for ~ 5 hours with 4 RTX 2080 Ti GPUs

Impact of Deeper Context

We begin by investigating the impact of including the entire discussion graph during in-
ference. To measure this, we selected the Graph Attention Network (GAT) architecture
[Velickovié et al., 2017] as a baseline, as implemented in PyTorch Geometric [Fey and
Lenssen, 2019]. This is inspired by previous efforts to utilize graph models to detect hate
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Target Communities‘ Train ‘ Test

All 1.060 | 1.066

The_Donald 0.4913 | 0.4911
Politics 0.4042 | 0.4041
TAmA 0.3687 | 0.3444
AmITheAsshole 0.4388 | 0.4397

Table 3.4: Model L2Loss Performance on Different Communities

speech on social networks, in particular Parmentier et al. [2021], which utilized this ar-
chitecture. It is important to note that our use case differs: we seek to detect comments
that will lead to hateful discussion. Similar to the Graphormer architecture, the GAT
architecture utilizes an attention mechanism to aggregate neighbouring node embeddings.
However, an essential difference in this architecture is that the aggregation operation is
constrained to the direct neighbours in each layer. This is contrasted by our proposed
approach, which performs self-attention aggregation over the entire graph at each layer.

We compare our approach against a two-layer GAT model, following the recommended
configuration by the original authors and prior work [Parmentier et al., 2021]. This implies
two iterations of the Aggregation-Combine operation. Table 3.3 shows the results: our
approach (Graphormer) outperforms GAT by an average 1.2 loss of 0.419. Our results
illustrate that both models perform well at classifying comments with a low level of future
hateful discussion (0-1). This can be attributed to the prevalence of these comments in our
dataset. However, notable differences in model performance are observed when detecting
comments that lead to more prevalent hate speech (2-4), where our model outperforms
GAT by an average L2 loss of 2.066.

We hypothesize that Graphormer’s gains are due to its better contextualization within
the discourse of larger discussion graphs, which are often strong indicators of future lively
discussions. An example of this would be an instigating comment in a debate, where a
better understanding of the entire debate could serve as a better predictor of what could
be considered hateful and an instigating rebuttal. That said, it is worth noting that
performance at the higher echelon is not optimal, with an average prediction inaccuracy
of ~ 2 ordinal levels; however, Graphormer still improves on GAT.
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Impact of Community Specific Models

A key question in this work was whether hate could be better predicted by modelling
the behaviours and cultural norms of specific communities. To evaluate this, we trained
variants of the model on specific communities in our dataset. We compare these results with
a general-purpose variant trained on data from all four communities (Table 3.4). We see
that general models trained on all subreddits perform significantly worse than community-
specific models. When comparing L2 loss, each community-specific model outperforms
general models by a factor of two, for an average loss of ~ 0.4. The IAmA subreddit benefited
most from a community-specific focus, with an average L2 loss of 0.3687, followed by the
politics subreddit.

We hypothesize that this performance boost came from two advantages. First, each
community we selected is associated with vastly different topics: The Donald focuses on
alt-right politics, and AmITheAsshole on personal advice. As such, likely, comments that
would be ignored in The Donald could be inflammatory in other communities. A similar
trend can be noticed in politics, which is politically left-leaning and would be more
sensitive to hateful political discourse [Waller and Anderson, 2021]. By modelling specific
communities, we hypothesize that our model captured these different cultural norms.

Second, some communities discuss in a formal, structured manner, such as in a question-
and-answer format. ITAmA is an example of this: a community that focuses on interviewing
celebrities by asking public questions, in contrast to other communities that have free-
flowing discussion. This difference was highlighted in our results, which showed that IAmA
benefited most from a community-specific approach. By modelling the question-and-answer
format and sampling the entire interview, we hypothesize that our model better understood
the topics discussed and the unique conversational flow.

Sensitivity of the Labelling Function

We now investigate the sensitivity of the label weights w,, w,,w; defined in the labelling
function L. used in our task, which combines the value of the Context-term C. (label
of the parent node), Reaction-term R, (label of the current node) and Influence-term I.
(aggregated labels of child nodes) (equation 3.7). This evaluates the likelihood that our
results depend on the chosen labelling weights. To do this, we created four variants of
the dataset based on different weighting configurations: Equal, which weights each term
equally; Influence-Weighted, Reaction-Weighted, and Context-Weighted, which double the
weight of each term in the labelling function (weighted by 2 instead of 1). We conducted
each experiment on the entire retrieved dataset.
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Labeling Weight Variant ‘ Train L2Loss ‘ Test L2Loss

Equal (w. = w, = wy) 1.060 1.066
Influence-Weighted (w; = 2) 1.180 1.200
Reaction-Weighted (w, = 2) 1.072 1.073
Context-Weighted (w, = 2) 0.985 0.994

Table 3.5: Model Performance when using different labelling weights in equation 3.7, where
all weights w,, w,, w; are set to 1 unless stated.

Table 3.5 shows the results. Each variant performs similarly, with a Loss range of (0.994
- 1.200). As a result, we conclude that the labelling weights are not sensitive to specific
values. We see that the Context-Weighted variant achieved the best performance, with a
Test L2 loss of 0.994, whereas the worst-performing variant was the Influence-Weighted
variant, with a Test L2 loss of 1.200. It is important to note that the Influence term for
each node is calculated from the entire discussion tree, despite the input being constrained
to a depth of 4, with each remaining comment being the parent of at least two other,
potentially hidden, comments. As a result, the Influence-weighted variant is more difficult
than the other variants.

3.4.3 Takeaways

The scope of this work differs in several ways from previous work. First, we studied
the influence of communities on what content is shared and how it is reacted to. We
accomplished this by including the entire discussion graph during inference and creating
specific models for individual communities. This scope differs from traditional hate speech
systems that examine a comment’s text in isolation, without considering its discussion
context or the community. As we have shown in our experimental results, including more
context, in terms of the discussion and the community, can lead to better performance.

Second, the model’s output differed from previous work by predicting ordinal values
from 0 to 4, denoting the intensity and likelihood of a hateful discussion following an initial
comment. There are two benefits to this objective. First, as the scope of social platforms
grows, it becomes essential for moderators to prioritize which content to investigate first
and which to quarantine immediately. By including a range of intensity values, we also
support users of these platforms in choosing an intensity level that is comfortable for them.
This would allow users with mental health challenges to self-regulate the content they want
to see without restricting the free speech of users who are more comfortable seeing intense
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content.

3.5 Extended Qualitative Study of Graphormer

In this section, we conduct a detailed qualitative analysis of Graphormer (section 3.4) for
hate speech detection in social networks, offering insights into where the method yields
the most impressive outcomes compared to competitors and identifying scenarios where
challenges arise in achieving ideal performance. In particular, we highlight the key obser-
vation that comments on social platforms have evolved to incorporate images and external
articles. These additional elements can provide essential context for understanding the
content that follows.

We will conclude with a discussion of how to extend our method to include image
processing, ultimately enabling holistic processing of online posts. We will also revisit the
concern of mental health well-being and discuss how our more comprehensive automated
solution for hate speech prediction can serve as a basis for significant steps forward.

3.5.1 Baselines
Comment-Only Hate Speech Models

To evaluate recent work in hate speech detection, we selected MuRIL by Das et al. [2022]
and Bert-HateXplain by Mathew et al. [2021]. Both systems are based on the BERT
transformer architecture, which can generate rich text embeddings for classification tasks
[Devlin et al., 2019]. We refer to these methods as comment-only hate speech models.

The primary difference between the two methods lies in the data on which both systems
were trained. For Bert-HateXplain, the authors collected a combined dataset of 20,148
hateful tweets and posts from social platforms Twitter and Gab. For MuRIL, the authors
combined the HateXplain dataset [Founta et al., 2018] (85,775 tweets) with the datasets of
Davidson et al. [2017] (24,783 tweets). This combined approach was found to outperform
HateXplain to become state-of-the-art in hate speech detection [Das et al., 2022].

Graph Hate Speech Models

In addition to evaluating Graphormer (section 3.4), we also assess a baseline approach that
uses Graph Attention Networks (GAT) [Velickovié¢ et al., 2017]. GAT models have previ-
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ously been adapted for hate speech detection by Parmentier and Cohen [2019], Parmentier
et al. [2021]. Like Graphormer, GAT models use attention to create node embeddings
within a graph. However, this attention is constrained to direct node neighbours, a limi-
tation that Graphormer overcomes by using transformers. This can result in predictions
that focus more on the immediate discussion context than on the broader global context.
Other work has examined graph-based approaches for hate speech detection [Mishra et al.,
2019, Tian et al., 2022]; we focus here on comparisons with the models described above.

3.5.2 Experimental Setup

Like in section 3.4, we focus on Reddit as the social platform for this study. We are par-
ticularly interested in analyzing Reddit, as prior work on Reddit communities has found
that they exhibit significant differences in their social makeup and communal behaviours
[Waller and Anderson, 2021]. For example, communities such as r/conservatives demon-
strate a right-leaning bias, whereas r/politics contains a polarizing left-leaning bias. This
provides a unique environment to test how our Graphormer behaves across vastly different
communities.

We analyzed 32 discussions from 16 different communities centred around contentious
topics and unique communities. Each discussion was chosen based on the number of
comments it had. We also draw from Reddit conversations sampled in Kurrek et al. [2020]
for examples of reclaimed speech. From the discussions sampled, we selected five interesting
examples to display in the section that follows.

For each comment in the discussion, we predict labels ranging from 0 to 4 using
comment-only and graph-based hate speech models. To match the ordinal predictions
given by Graphormer (section 3.4), we map the zero-to-one prediction given by comment-
only models to bins of width 0.20 ([0-0.20], [0.20 - 0.40], [0.40 - 0.60], [0.60-0.80], [0.80-1]).
To capture graph methods’ ability to adapt to evolving conversations, we initialize the
discussion graph with the initial post and its immediate replies (depth 1). We then iter-
atively predict each comment’s label by gradually increasing the depth of the discussion
tree provided to the graph models. As such, graph methods are limited in predicting the
direction of conversations without considering future comments.

3.5.3 Findings

We focus on capturing examples from two categories of conversational hate speech. First,
we begin with samples of contextual hate speech, which are harmful comments that directly
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refer to or respond to the prior discussion. Examples of this kind of hate speech would be
a detrimental commentary on contentious topics, such as reacting negatively to gay rights.
We hypothesize that comment-only methods would fail to capture the contextual nuances
that underpin the hatefulness of the target text. This can result in false positives or false
negatives when comments are judged in isolation.

The second category of hateful speech we study is incisive hate speech: comments that
at first glance appear to be neutral but are designed to prompt harmful discourse by other
users. These examples aim to evaluate the ability of graph hate speech models to proac-
tively predict the direction of conversations toward hatefulness, rather than just detecting
hate in individual comments. As a result, this direction also evaluates the ability of graph
methods to capture the dynamic nature of social media discussions, where conversations
are not static but grow over time as users add replies to content posted by others. Examples
of this kind of speech would be comments concerning U.S. President Biden in right-leaning
political subreddits, which can prompt hateful comments and threats.

Contextual Hate Speech

We start by analyzing a conversation that took place on the subreddit /r/gay, a community
centred around LGBTQ topics (Table 3.6). In this conversation, users discuss a tweet from
openly gay pop artist Lil Nas X. Our analysis of this discussion thread shows how a lack
of context can lead to false predictions about the tweet’s hatefulness.

The conversation begins with the initial post “Anyone else loving Lil Nas X meming
on biggots”, referring to his tweet stating “i thought y’all didn’t like political correctness.
what happened?”. This comment resulted in a high prediction of hatefulness by comment-
only BERT-HateXplain and a moderate prediction by the Graph methods. However, the
hate predictions from the graph methods quickly neutralize as the conversation shifts into
a discussion of his latest song, “Montero” (depths 5 and 6). Given this context, it is
clear that these methods are not hateful but rather discuss the song’s lyrics. However, this
context is not available to comment-only methods. The inaccuracy introduced without this
crucial context is evident in the comment-only techniques, where both systems predicted
high hateful scores for both comments. This illustrates the ability of graph methods to
maintain conversational context when predicting hate scores.

Next, we turn to an example of a discussion that requires context to detect hate speech.
For this, we focus on the subreddit /r/MensRights. This community advocates for in-
creased men’s rights by discussing social issues that adversely impact them, which fre-
quently devolves into harmful misogyny [Schmitz and Kazyak, 2016]. This pattern of
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Depth ‘ Text ‘ Graphormer ‘ GAT ‘ Bert-HateXplain | MuRIL

0 Anyone else loving Lil Nas 2 1 3 0
X meming on biggots? [im-
age]

1 What was this in reference 1 1 0 0
too?

2 Biggots are mad about 1 2 1 0
his most recent song/music
video

3 Ah ok! I'll have to check it 0 0 0 0

out!

4 The song is called Montero 0 0 0 0
(call me by your name).

5 My favorite line is “I wanna 0 0 2 4

f*ck you cuz I envy you”,
and that hit hard

6 1 want that jet leg from 0 1 3 4
f*ckin’ and flyin’ call me in

Table 3.6: Conversation on r/gay containing contextual speech leading to false positive
predictions
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Depth ‘ Text ‘ Graphormer ‘ GAT ‘ Bert-HateXplain ‘ MuRIL

0 How to get banned from 3 3 0 0
r/Feminism [image]

la i guess they were on their 3 3 1 0
period and they want their
feelings to matter at that
point and you got banned

for it

1b Feminism is cancerous any- 3 2 1 0
ways

lc Wow, they are almost as 1 2 1 0

fragile as the donald. 1
guess all special snow flakes
need their own safe space.

1d ‘Absolutely horrible. ‘ 1 ‘ 0 ‘ 1 ‘ 1

Table 3.7: Conversation on /r/MensRights containing contextual affiliation-directed hate
speech
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abuse is evident in the discussion presented in Table 3.7. Here, the user posts an image of
a brief exchange from the r/Feminism subreddit. In this exchange, the user was banned
from that community for advocating that women have the right to feel safe, rather than
the right to be safe, regardless of reassurances and comfort. By posting this exchange on
r/MensRights, the user aimed to frame the r/Feminism community in a negative light,
claiming they were banned for sharing a valid point.

In this discussion, graph methods enabled an accurate understanding of the negative
context of feminism in response to the hateful comments that followed. Most surprisingly,
none of the comments that followed were labelled as hate speech by the comment-only
methods. Such examples include “Feminism is cancerous anyways”, which was appropri-
ately labelled as hateful by graph methods, receiving a prediction of 3 from Graphormer,
but mislabeled as innocuous by text methods. We assume that this significant difference
in prediction comes uniquely from the graph structure of the discussion.

Finally, we examine a conversation that incorporates reclaimed language previously
perceived as harmful to a specific community. For this, we sample a discussion from
/r/rupaulsdragrace, a community dedicated to the LGBTQ drag competition Ru Paul’s
Drag Race (Table 3.8). In this conversation, users are commenting on one competitor’s
manufactured drag outfits. In this community, slurs such as “f*ggot” and “b*tch” are
reclaimed as favourable terms to refer to LGBT(Q members and competitors?. However,
these slurs are more often used in a hateful context, proving a challenge for methods that
do not consider specific contexts.

Analyzing the predictions of each method, we see that comment-only methods assign
high hate scores to comments at depths 1la and 2b. However, both comments are, in fact,
positive and supportive of the competitor mentioned in the initial post. Upon inspecting
the content of these comments, we can infer that the false optimistic prediction is likely
due to the use of reclaimed slurs without contextualizing them within the community and
prior discussion. This behaviour is contrasted with graph methods, which yielded more
accurate scores, likely because other comments informed them about the dress’s fashion.

It is important to note that both the graph and comment-only methods can only infer
context by inspecting the text of comments. In this conversation, graph methods were likely
able to infer context from the other comments, which discuss the dress’s fashion (depths 1b
and 1c). However, upon reviewing the initial post, we see that the user included an image
of a drag queen (Figure 3.3). This picture provides immense context for the discussion,
particularly its focus on fashion and the LGBTQ community. As such, we hypothesize

2A common slogan on the show is “Yass b*tch”, which is used to cheer on competitors
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Depth ‘ Text ‘ Graphormer ‘ GAT ‘ Bert-HateXplain ‘ MuRIL

0 *SPOILERS* Always and 1 1 1 0
Forever, paparazzi who?
[image - Figure 3.3]

la | Am I the only f*ggot that 1 2 4 3
LIVED for this look?
2a I honestly truly thought it 0 0 1 0

was an amazing concept and
I love the final result

2b | Not at all. F*ck fashion. 0 0 2 4
I want fashion I'll by the
Vogue fall guide. Give me
something creative I haven’t
seen before.

1b Say what you will about the 1 1 3 4
look, but can we appreci-
ate the fact that this b*tch
got over a dozen Canon
DSLRs plus the lenses on
this dress? That shit ain’t
cheap.

1lc This look is ridiculous. 1 0 0 1 4
love it, but my God, who
thinks of this shit.

Table 3.8: Conversation on r/rupaulsdragrace containing reclaimed language and multi-
modal context
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Figure 3.3: Photo of the Drag Queen discussed in Table 3.8
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that future work incorporating multi-modal posts could provide important context for the
comments that follow.

Inciteful Hate Speech

In our next set of examples, we investigate graph networks’ ability to predict the direction
of conversations. We start by analyzing a conversation that took place on /r/conservatives,
a community for discussing right-wing policies (Table 3.9). These policies often include
advocacy for gun rights and strong support for election denial [Block, 2021]. Discussions
in these political communities have become increasingly polarized and hateful towards
members of the opposite party [Waller and Anderson, 2021].

In this discussion, users are referring to a tweet from a black user concerning the diffi-
culty for people to purchase weapons due to a lack of governmental IDs. The conversation
is centred around confounding the Black Lives Matter movement with gun advocacy and
election denial (“Black Guns Matter, as does election integrity”). The discussion then de-
volves into affiliation-based hate as users claim left-leaning users are racists and associate
black activist groups (“the black panthers” and “BLM”) with armed violence.

Examining the predictions of both groups of methods, we observe that both graph
methods assign very high hatefulness scores to many of the comments in the discussion.
This is especially evident in the comments at depth 2, where users delve into accusations
of racism. However, it is essential to note that these comments are more akin to debate
rather than explicit hate speech. This is reflected in the predictions from the comment-only
methods, which consistently predict low hatefulness scores for these comments. As such,
it can be inferred that these high predictions stem from a belief that the conversation will
take a hateful turn, given the context thus far. Indeed, this is the case as later comments
(depth 5) intensify the discussion and accuse members of the Black Lives Matter movement
of armed violence. However, it is also important to note that the earlier predictions appear
to conflate polarizing political discourse with hate (depth 1) without providing sufficient
context for discussion.

To further examine the ability of Graphormer to predict the direction of conversations,
we investigate a conversation from /r/politics. This community is known to have strong
left-leaning political views and a distinct, polarized user base compared to/r/conservatives
[Waller and Anderson, 2021]. In the sampled conversation (Table 3.10), users discuss
comments made by former President Trump regarding the Ukraine war. The conversation
begins benign but becomes combative, with one user shifting the blame for the Ukrainian
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Depth ‘ Text ‘ Graphormer ‘ GAT ‘ Bert-HateXplain ‘ MuRIL

0 Black Guns Matter, as does 3 1 0 1
election integrity [image]
1 That’s Hilarious. I think 4 3 1 2

its interesting how the
left keeps trying to rub
"BLACK PEOPLE ARE
BUYING GUNS” in the
faces of  conservatives,
like we would somehow
be opposed to that. |[..]
glad that gun ownership
is expanding among all
demographics

2a It’s on every conservative 3 2 1 2
news and media platform
as a big positive, but the
left doesn’t pay attention
to that literally all they
think is conservatives racist,
therefore black guns bad for
them.

2b They want us to be di- 4 3 0 0
vided by race like they are.
They are so racist they can’t
imagine us being united
by our love of fundamental
rights

[ [-] | ]

4 I agree. The black panthers 2 0 0 0
had the right idea. BLM
members should arm too.

They have been.... smh | 4 1 0 0

5

Table 3.9: Conversation from r/conservatives containing inciteful speech regarding Black
Lives Matter
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Depth ‘ Text ‘ Graphormer ‘ GAT ‘ Bert-HateXplain ‘ MuRIL

0 Trump, who was impeached 2 2 0 0
for withholding nearly $400
million in military aid from
Ukraine, said ’this deadly
Ukraine situation would
never have happened’ if he
were in office [article]

1 This  happened  under 3 3 0 0
Biden’s watch. That is a
fact

2a Russia has been threatening 2 0 0 0
Ukraine for the last 8 years

3 Whatever, still happened 3 2 0 0
under Biden’s watch. Not
Trump’s.

4 Right, I'm sure the situation 4 3 3 0
would’ve been so much bet-
ter under the leadership of
a failed jackass lapdog for
Putin.

2b You might want to do 3 3 0 0
a little reading about
Ukraine. Your comment is
completely ludicrous

Table 3.10: Conversation from r/politics requiring long-range forecasting from community
cues
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war onto the current left-leaning president. This trend culminates in a climax at depth 4,
where the user escalates to using hateful language against Trump.

Investigating the predictions, we observe a similar trend to the previous example: each
prediction from the comment-only methods remains neutral, except for the hateful com-
ment at depth 4. However, the contentiousness of the conversation, given the previous
instigating comments, is captured by graph methods, resulting in high predictions by both
methods. This is especially evident in the prediction at depth 1, which appears to capture
the contentious relationship between comments concerning Biden and Trump. Indeed, we
can see that the conversation did turn hateful later on, validating this prediction.

3.5.4 Discussion

In our analysis, we focused on analyzing two types of difficult hate speech: contextual
and incitement. Contextual hate speech requires conversational context to understand,
and incisive hate speech is not inherently hateful but is designed to incite further hateful
comments. Both types of speech pose difficulties for current comment-only approaches,
which rely heavily on context to make accurate predictions.

Starting with contextual hate speech, we analyzed three different conversations origi-
nating from /r/gay, /r/MensRights, and /r/rupaulsdragrace. Using comment-only meth-
ods, we identified numerous predictions that were either false positives or false negatives,
depending on the comment’s text in isolation. For false positives, we found that comment-
only methods tended to predict high hate scores for comments that contained slurs (Table
3.6 and Table 3.8). However, upon reading the rest of the conversation, it becomes clear
that many of these slurs are utilized in a non-derogatory context. The same can be said for
false negatives, where antagonistic replies can lose their hateful context when considered in
isolation (Table 3.7). However, in each of these conversations, we found that graph meth-
ods perform well in capturing the vital discussion context required to understand these
comments appropriately. Between the two graph methods we evaluated, both GAT and
Graphormer performed similarly well in the examples we explored.

To examine the ability of graph and comment-only methods to capture incisive speech,
we analyzed two discussions from /r/conservatives and /r/politics, communities with po-
larizing user bases [Waller and Anderson, 2021]. We found that graph methods are sensitive
to counter-speech as evidence of inciting hateful discourse. This is especially evident in
Table 3.10, where users who disagree on the cause of the Ukraine war yield high hateful-
ness predictions from both graph methods. While there may be some validity to these
predictions about their contentiousness, this raises concerns about how to moderate these
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Figure 3.4: Examples of multi-modal hate speech, where hatefulness can only be discerned
by jointly considering both modalities (taken from Kiela et al. [2020])

heated debates. However, in the case of the example in Table 3.9, the most inciteful com-
ments (depth 2a, 2b, and 5) are appropriately labelled as such. In each of these cases,
comment-only methods predicted each comment as neutral, even if the comments were
hateful (depth 2b). We found that Graphormer was more sensitive to higher predictions
than GAT when faced with these types of comments.

In each example, we also evaluated graph networks’ ability to adapt to evolving social
media conversations. Coping with this dynamic change is crucial for the successful imple-
mentation of Al for social impact in real life. We evaluate this behaviour by iteratively
predicting comments in the discussion graph depth-wise, unlike Graphormer (section 3.4).
As a result, we constrain graph models to predict labels solely based on the context pro-
vided by previous comments, mirroring how the system would be deployed in real-world
settings. Despite this constraint, we observe that graph systems can still make accurate
predictions. This is best illustrated in Table 3.6, where the graph models adjusted their
predictions to become less hateful as the conversation progressed.

We also found that many of the examples we retrieved included multimodal information.
Such examples include the discussion in Table 3.6, which involves an image of a tweet, and
the discussion in Table 3.10, which concerns an article about Trump and the Ukraine war,
among others. When investigating contextual hate speech, Table 3.8 presents an example
in which the image (Figure 3.3) provides essential context for the comments that followed.

An analysis of this picture reveals that the discussion centers on an LGBTQ drag
queen competing in an elaborate dress. However, without this context, we found that
comment-only methods misclassified supportive speech using reclaimed LGBTQ vernac-
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ular as hateful. This is especially concerning given that these predictions could serve to
suppress communities that are vitally important to the mental health of minority popula-
tions [Lucero, 2017, Fish et al., 2020]. Furthermore, memes sent on online platforms are
often only hateful if one considers both the image and the text caption together, as seen
in Figure 3.4 [Kiela et al., 2020]. By taking a holistic view of conversations by encoding
images, text, and discussion structure together, we hypothesize that hate speech detec-
tion methods will be able to avoid many false predictions, such as those incurred in Table
3.8. Furthermore, following Tian et al. [2022], it would be possible to include user-level
information into this graph representation.

Finally, it is also essential to analyze the mental health impact given by a graph ap-
proach to hate speech. By reformulating hate speech as a graph prediction task, we can
train systems that leverage discussion context to predict the direction of conversations.
This can allow moderators on social platforms to be alerted to potentially harmful com-
ments and deploy mitigation strategies to shield users who are susceptible to mental health
effects. We see an example of such a discussion in Table 3.9, where users who are suscep-
tible to trauma from guns and race can be warned ahead of time by utilizing the proactive
graph predictions. Furthermore, by using an increasing ordinal scale (from zero to four)
for predicting hate, users can select their level of comfort by choosing the intensity of
contentious comments they are comfortable viewing. As the conversation develops, these
predictions can then be updated with further context and revised accordingly. An example
of where this would be useful is the discussion in Table 3.8, where additional comments
add credence to the innocence of previous comments. By providing these scores, platform
owners can enable users to control the content they see through self-moderation. Another
valuable opportunity for deploying our methods, as demonstrated by qualitative analysis,
is to assist platforms in curbing the proliferation of hate speech. This can be achieved by
greater prediction of impending escalating harm and caution in imposing penalties when
the discussion is hate-based.

3.5.5 Takeaways

In this section, we explored the impact of Graph Transformer Networks on hate speech
detection. To achieve this, we conducted an extensive qualitative analysis of graph- and
comment-only methods in conversations from various Reddit communities. When examin-
ing contextual hate speech, we found that Graph Transformer Networks can prevent both
false positives and false negatives incurred by comment-only methods. In these cases, con-
text played a key role in understanding the nature of the analyzed comments. We also

46



found similar performance gains when analyzing discussions about incisive speech. How-
ever, we also found that debates were prone to high levels of hate prediction despite being
mostly civil.

One key insight we discovered was the need to incorporate additional modalities to
further contextualize comments. Among the examples we retrieved, many centred on
an image or an article. We hypothesize that adopting a holistic view of conversations,
encompassing all modalities, can help prevent false positives. These findings motivate our
work with mDT.

3.6 Multi-Modal Hate Speech Detection

As discussed in the previous section, other modalities such as images can dramatically affect
semantic meaning [Kiela et al.; 2020, Hebert et al., 2021]. The connection between text
and image modalities has led to several works exploring multimodal methods, models that
jointly process text and images. CLIP, proposed by Radford et al. [2021], aligns text and
image embeddings generated by separate modality-specific models with contrastive pre-
training. VILBERT [Lu et al., 2019] and Flamingo [Alayrac et al., 2022] also use distinct
text and image transformer models, but employ cross-attention across both modalities to
share information within each layer. Building on cross-attention, VilT [Kim et al., 2021]
proposes merging input word tokens and image tokens into a single sequence, which is then
processed by a single unified transformer encoder. On the other hand, some methods have
focused on improving the computational efficiency of multimodal models, such as Nagrani
et al. [2021], which proposed utilizing shared bottleneck tokens and constraining the shared
cross-attention to use only those tokens.

These innovations in multi-modal language grounding have also enriched hate speech
detection. Focusing on the HatefulMemes challenge, Velioglu and Rose [2020], Muennighoff
[2020], Zhu [2020] propose various combinations of ensemble models, each encoding differ-
ent image and text features, which are then combined at the output level. Liang et al.
[2022] employs graph convolutional networks to merge text and image tokens, primarily
for sarcasm detection. Meanwhile, Sahu et al. [2021] incorporates inter-modality informa-
tion by adapting GAN-Fusion [Sahu and Vechtomova, 2021] towards hate speech detection,
utilizing generative adversarial networks to encode and align modality embeddings ®. Cao

3In Sahu et al. [2021], each generator model aims to reproduce the embedding created by the other
modality using the encoding of the first modality as input (zimage — Ztest Zteat = Zimage)- The discrimi-

nator is tasked to distinguish generated embeddings 2’ from their native representations z
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et al. [2022] incorporates multiple modalities by mapping meme images to text descriptors
using a generative model, which is then appended to the comment text for hate speech
classification. Finally, Singh et al. [2022] incorporates image and text representations of
product reviews to accurately disambiguate complaints.
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Chapter 4

Discussion Transformers: Integrating
text, images and graph transformers
for Holistic Discussion Analysis and
its Applications for Hate Speech
Detection

Social media has democratized public discourse, enabling users worldwide to express their
opinions and thoughts freely. As of 2023, the social media giant Meta has reached 3 billion
daily active users across its platforms [Meta, 2023]. While this level of connectivity and
access to information has led to many benefits, it has also resulted in the alarming rise
of hate speech [Das et al., 2020]. The pervasive spread of hateful rhetoric has caused
significant emotional harm to its targets [Vedeler et al., 2019], triggered social divisions
and polarization [Waller and Anderson, 2021], and has caused substantial damage to the
mental health of users [Wachs et al., 2022]. These findings emphasize the urgent need for
a comprehensive solution to automate the identification of hate speech as a critical first
step toward combating this alarming practice.

Initially, automated hate speech detection models were limited to text-only approaches
such as HateXplain [Mathew et al., 2021], which classify the text of individual comments.
Such methods have two significant weaknesses. First, hate speech is contextual. Social
media comments are often conversational and influenced by others’ comments in the dis-
cussion thread. For example, a seemingly innocuous comment such as “That’s gross!”
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can become hateful in a discussion about immigration or minority issues. Second, social
media comments have evolved to include images, which can influence the context of the
accompanying text. For instance, a comment may be innocuous, but including an image
may transform it into a hateful remark. While recent work has expanded transformers
to include images, such as ViT [Kim et al., 2021] and CLIP [Radford et al., 2021], the
discussion’s context remains an underexploited resource.

In this chapter, we propose the Multi-Modal Discussion Transformer (mDT) architec-
ture to solve this challenge. Multi-Modal Discussion Transformers enable holistic repre-
sentations of comments by incorporating macro-level multi-modal discussion context. To
evaluate our work, we also present a novel dataset, HatefulDiscussions, containing com-
plete multi-modal discussion graphs from various Reddit communities and a diverse range
of hateful behaviour.

We compare mDT against various comment-only text models and a seminal text-only
variant of the Discussion Transformer architecture, Graphormer, from which mDT takes
its roots. We also conduct an ablation study of the components of our architecture. We
conclude by discussing the potential of our model to deliver social value in online contexts
by effectively identifying and combating antisocial behaviour in online communities. We
also propose future work towards more advanced multimodal solutions that can better
capture the nuanced nature of online behaviour.

To summarize our contributions:

1. We propose a novel fusion mechanism at the core of mDT that interweaves multi-
modal fusion layers with graph transformer layers, enabling multimodal comment
representations that are actively grounded in the discussion context.

2. We propose a novel graph structure encoding that captures the hierarchical conver-
sational structure of social media discussions.

3. We introduce a dataset of 8266 annotated Reddit discussions, totalling 18359 labelled
comments, with complete discussion trees and images to evaluate the effectiveness of
the Discussion Transformer architecture.

The code and datasets for mDT are available at https://github.com/liamhebert/

MultiModalDiscussionTransformer, and we provide a revised general-purpose Discus-
sion Transformer library at https://github.com/liamhebert/MDT-2.
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Figure 4.1: General architecture for Discussion Transformers. Z is the number of sequential
Graph Transformer and Multi-Modal Fusion Blocks.

4.1 Methodology

4.1.1 Discussion Transformers

This research proposes a novel paradigm for grounding the semantic meaning of comments
within the discussion context, called Discussion Transformers. The general task solved by
Discussion Transformers is as follows: Given a discussion graph C' consisting of comments
¢; = (t;,1;) composed of text t; and images i;, the goal of Discussion Transformers is to
create contextually grounded embeddings of each comment ¢ € C'x that capture conver-
sational context. Then, each ¢} can be used for downstream comment classification tasks,
such as hate speech detection.

At a high level, Discussion Transformers can broadly be broken down into three key
components, illustrated in Figure 4.1.

e Initial Encoding: We first create an initial embedding of each comment in the
discussion, irrespective of the surrounding context. This step aims to interpret the
surface meaning of each comment modality, which can later be used for context
grounding.

e Context Fusion: After creating initial embeddings for each comment, this step
integrates context from other comments to ground and adjust the semantic meaning
of each comment.
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e Classification: Finally, after processing Z context fusion layers, we obtain our final
comment representations c;. We apply a classification head to each ¢ comment to
predict whether the comment is hateful or not.

In summary, the architecture of Discussion Transformers is structured as Initial Encod-
ing — Context Fusion Layers x Z — Classification, where Z denotes the number of Context
Fusion layers to apply. It is this paradigm that the Multi-Modal Discussion Transformer
builds upon.

4.1.2 Multi-Modal Discussion Transformer (mDT)

Our proposed mDT architecture expands upon Graphormer (Section 3.4) through three
key innovations. First, we incorporate mechanisms for multimodal representations of com-
ments, including images as contextual signals. Second, we update the context fusion layers
to instead intertwine with the comment modality layers via a process called mid-fusion.
This enables active grounding of comment representations in context as they are processed,
rather than grounding them post hoc. Finally, we also update the graph positional encod-
ings s, to capture the hierarchical nature of discussions better.

Following the framework in Section 4.1.1, mDT comprises an Initial Pre-Fusion stage,
followed by Modality Fusion and Context Fusion stages that inject context.

Initial Pre-Fusion

Given a discussion D with comments ¢ € D, each represented with text t. and optional
image i., we start with pre-trained BERT and ViT models to encode text and images,
respectively. Both models consist of N layers with the same hidden dimension, d. In our
experiments, we used BERT-base and ViT-base, each with N = 16 layers and d = 768
hidden dimensions. Given these models, the Initial Pre-Fusion step consists of the first K
layers of both models with gradients disabled (frozen), denoted as

t* = BERT i (te), 1% = ViTyu(ic) (4.1)

where K < N. This step establishes a foundational understanding of the images and text
that comprise each comment.
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Modality Fusion

After creating initial text and image embeddings t.,i. for all comments ¢ € D in the
discussion, we move to the Modality Fusion step. We adopt the bottleneck mechanism
proposed by Nagrani et al. [2021] to encode inter-modality information. We concatenate b
shared modality bottleneck tokens B € Ryy4 to t. and i., transforming the input sequence
to [t* || B],[i* || B]. We then define a modality fusion layer [ as

[t 1Bit'l = BERT([t.]| B)) (4.2)
i 1Bt = VaTi([ic|| Be))
B = Avg(Bt', BIE)
where both modalities only share information through the B bottleneck tokens. This
design forces both modalities to compress information to a limited set of tokens, improving
performance and efficiency. If no images are attached to a comment, then Bt = Bé“.

Context Fusion

Then, after Z (< (N — K)) modality fusion layers, we deploy Graph Transformer layers to
aggregate contextual information from the other comments in the discussion. Given that
the tokens in B, encode rich inter-modality information, we leverage these representations
to represent the nodes in our discussion graph. Using 0 € B, to represent each comment
c € D, we aggregate each embedding using a transformer model to incorporate discussion
context from other comments. Our novel use of bottleneck tokens to represent graph nodes
enables modality models to maintain both a modality-specific pooler token ([CLS]) and a
graph-context representation (by).

Since transformer layers are position-independent, we include two learned structure
encodings. The first is Centrality Encoding, denoted z, which encodes node degrees in the
graph [Ying et al., 2021]. Since social media discussion graphs are directed, the degree
of comments is equivalent to the number of replies a comment receives, plus one for the
parent node. We implement this mechanism as

hEO) = b(c) + Zdeg(c) (45)

where 2" is the initial embedding of b in the graph and zge,() is a learned embedding

corresponding to the degree deg(c) of the comment.
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---Dist: 2--

E b

Figure 4.3: Example Discussion Structure. Each node in the discussion tree represents a
comment. The shortest distance between (a, ¢) and (b, d) is equivalent, which demonstrates
a lack of expressiveness for hierarchy.

The second structure-encoding is Spatial Encoding, denoted s, which encodes the
graph’s structural relationship between nodes ¢ and v. This encoding is incorporated as
an attention-bias term within the self-attention mechanism. That is, we compute the self
attention A.,) between nodes ¢, v as

Ay = Softmax <<hCWQ\)/(§UWK) + s(cm)) (4.6)

where Wg and Wi are learned weight matrices and d is the hidden dimension of h.

In previous graph transformer networks, s..) is encoded as a learned embedding rep-
resenting the shortest distance between nodes ¢ and v in the graph [Ying et al., 2021].
However, this metric is ill-suited to the hierarchical structure of discussions, in which
equivalent distances can represent different interactions. This is best seen in the example
discussion illustrated in Figure 4.3. When utilizing the shortest distance to encode struc-
ture, the distance between nodes a and c is the same as the distance between nodes b and
d in this graph. However, b and d represent direct replies to the same parent post, whereas
a is two comments underneath c.

We propose a novel hierarchical spatial encoding based on Cantor’s pairing function
to account for this. Cantor’s pairing function uniquely maps sets of two numbers into a
single number N x N — N. Given comments a and b, we first calculate the number of
hops upward () and hops downward d,) to reach b from a. In the example above, the
distance between a and d is uqq) = 2,d(qq) = 1. We then compress both numbers into a
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single index using the proposed position-independent variant of Cantor’s pairing:

S(cw) = S(vye) (4.7)
= Cantors(u,d) (4.8)
- (“”)(ZHH Y 4 minu, d) (4.9)

This uniquely maps N x N — N such that s., = s,.. We utilize this function to index
learned spatial embeddings in the self-attention mechanism.

After G graph transformer layers, the final representation of hS replaces b2 for the
next set of Z modality fusion layers. We denote the combination of Z Modality Fusion
and G Graph Transformer layers as a Graph Multi-Modal Fusion module. Finally, after
(N—K)/Z Graph Multi-Modal Fusion modules, we predict logits using the final embedding
of b? and the [CLS] embedding of t.. This novel interweaving of graph transformers and
fusion layers via modality bottleneck tokens ensures that fusion models produce represen-
tations grounded in the discussion context. Notably, this differs from previous approaches
that utilize graph neural networks, which sequentially process individual comments before
applying a set of graph layers.

4.1.3 HatefulDiscussions Dataset

To train our model, we require a complete multimodal discussion graph dataset. However,
datasets used by other works [Mathew et al.,; 2021, Zampieri et al., 2019, Kiela et al., 2020]
consist of individual labelled comments and are predominantly text-only. To address this
issue, we curated a novel benchmark comprising multiple datasets annotated by human
annotators and augmented it to include complete multimodal discussion graphs. Our
final dataset comprises 8266 Reddit discussions with 18359 labelled comments from 850
communities. Note that our architecture can be extended to other platforms, such as
Facebook, Twitter, and TikTok, since they also use tree structures. Since discussions on
these platforms are typically smaller with less complexity, using Reddit allows us to best
stress-test our model.

The first type of hate speech included in our benchmark is Identity-Directed and
Affiliation-Directed Abuse. We retrieved labelled examples of this from the Contextual
Abuse Dataset (CAD) developed by Vidgen et al. [2021a]. According to the authors,
Identity-Directed abuse refers to content containing negative statements against a so-
cial category, encompassing fundamental aspects of individuals’ community and socio-
demographics, such as religion, race, ethnicity, and sexuality, among others. On the other
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hand, Affiliation-Directed abuse is defined as content expressing negativity toward an af-
filiation, where an affiliation is a voluntary association with a collective, such as a political
affiliation or occupation [Vidgen et al., 2021a]. We selected both of these forms of abuse
from CAD due to the similarity in their definitions—abuse that is directed at aspects of a
person’s identity rather than a specific individual directly.

Next, slurs form the second type of hateful content within our dataset, sampled from
the Slurs corpus [Kurrek et al.,; 2020]. Notably, historically derogatory slurs can undergo
re-appropriation by specific communities, such as the n-slur in African American Ver-
nacular, transforming them into non-derogatory terms. Therefore, we hypothesize that
understanding the contextual nuances of slur use is essential for distinguishing between
non-derogatory and derogatory instances.

The last type of hateful content we include is person-directed abuse, hate speech or of-
fensive content that specifically targets and attacks an individual or a group of individuals.
We source labelled examples from the Learning to Intervene (LTI) dataset [Qian et al.,
2019] to include instances of abuse that require context to discern.

Note that what we consider to be hate speech, broadly speaking, is abusive content
targeted either towards a specific person (person directed), identity (identity directed) or
affiliation (affiliation directed) based on protected characteristics such as race, ethnicity,
sexual orientation or other offensive speech. For completeness, more granular definitions
of hate speech used by the sampled datasets are presented in Table 4.1.

For each labelled comment, we retrieved the corresponding complete discussion tree
using the Pushshift Reddit API and downloaded all associated images!. To refine our
dataset, we filtered out conversations without images and constrained comments to a max-
imum degree of 3 and conversations to a maximum depth of 5. By trimming the discussion
tree, we reduce computational complexity and focus on the most relevant parts of the
conversation [Parmentier et al., 2021]. We map each retrieved label to Hateful or Neutral
and treat the problem as a binary classification. The distribution of each label is shown in
Table 4.2.

Most images in HatefulDiscussions, such as the root post, appear in the discussion
context rather than directly attached to labelled comments. In our case, only 424 labelled
instances have an associated image. Still, all 8000 discussions have an image in the prior
context. Therefore, the challenge is to interpret and incorporate multimodal discussion
context to disambiguate the meaning of comments that may not contain those modalities.

L At the time of writing, Reddit has suspended access to the Pushshift API; however, our dataset remains
complete.
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Label

Definition

Slurs Corpus [Kurrek et al., 2020]

Derogatory Slur
Not Derogatory Slur

Homonym (HOM)

“Any [slur| that is understood to convey contempt to-
wards a targeted individual or group”

“Meaningful [slur] by targeted or non-targeted groups
for an alternate non-derogatory purpose”

“A slur with one or more non-derogatory alternative
meanings”

Learning to Intervene Dataset [Qian et al., 2019]

Person Directed Neutral

Person Directed Hate

Sampled discussions not classified as “Person Directed
Hate”

“We define hate speech as a direct attack on people
based on what we call protected characteristics: race,
ethnicity, national origin, religious affiliation, sexual
orientation, caste, sex, gender, gender identity and se-
rious disease or disability”

Contextual Abuse Dataset [Vidgen et al., 2021a]

Neutral

Identity Directed Hate

Affiliation Directed Hate

“Content which does not contain any abuse. Non-
hateful slurs or counter speech and as such would not
fall into any of the other categories”

“Content which contains a negative statement against
an identity. An identity is a social category that relates
to a fundamental aspect of individuals’ community,
socio-demographics, position or self-representation. It
includes [...]| Religion, Race, Ethnicity, Gender, Sex-
uality, Nationality, Disability and Class”

“Content which express negativity against an affilia-
tion. We define ‘affiliation’ as a (more or less) volun-
tary association with a collective. Affiliations include
[...]: memberships (e.g. Trade unions), party mem-
berships (e.g. Republicans), political affiliations (e.g.
Right-wing people) and occupations (e.g. Doctors).”

Table 4.1: Definitions of Hate Speech Used
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Label Count

Derogatory Slur 4297
Not Derogatory Slur (NDG) 2401
Homonym (HOM) 364

LTI Person Directed Neutral 4116
LTT Person Directed Hate 1313
CAD Affiliation Neutral 4892

CAD Identity Directed Hate 701
CAD Affiliation Directed Hate 275

Neutral 11773
Hateful 6586

Table 4.2: Label Distribution of Hateful Discussions

4.2 Results

4.2.1 Experimental Setup

We conduct a 7-fold stratified cross-validation with a fixed seed (1) and report the aver-
age performance for each model. We report overall accuracy and class-weighted Precision,
Recall, and F1 to account for label imbalance?. Underlined values denote statistical sig-
nificance using Student’s t-test with p-value < 0.05 in all results. Our hyperparameter
search space is presented in Table 4.3. All experiments were conducted using 2x A100-40
GB GPUs, a 12-core Intel CPU, 80GB of RAM, and Linux.

4.2.2 Text-only Methods vs. Discussion Transformers

To assess mDT’s performance, we compared it against several state-of-the-art hate
speech detection methods. For comment-only approaches, we evaluated BERT-HateXplain
[Mathew et al., 2021], Detoxify [Hanu and Unitary team, 2020], and RoBertA Dynabench
[Vidgen et al., 2021b]. We also compared mDT against a BERT model trained on the
HatefulDiscussions training set, referred to as BERT-HatefulDiscuss. To compare against

2While in this work our metrics focused on overall performance, we note that quantifying false-positive
performance would be a valuable direction for future work, including ROC. We represent mDT’s risk of
misclassification for hate speech detection with the datasets used in Figure 4.4.
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Hyperparameter Value
Pre-Fusion Layers (K) 4 -0, 4, 6]
Modality Fusion Layer Stack (Z) 2 (8 total) 1, 2, 4]

Graph Layer Stack (G)
Bottleneck Size (B)
Max Spatial Attention

2 (8 total) - [1, 2, 4]
4-[1,4,8, 16, 32]
5-[2, 5, 4096 (inf)]

Attention Dropout - [0, 0.1, 0.3, 0.5]
Activation Dropout - [0, 0.1, 0.3, 0.5]
Graph Dropout - [0, 0.2, 0.4, 0.6]
Hidden Dimension (d) 768

Graph Attention Heads 12 - [4, 6, 12, 24]
Modality Attention Heads 12

Optimizer Adam

Batch Size 48

Epochs 10 w/ Early Stopping

Learning Rate
Learning Rate Scheduler

3e7% — 3e T
Polynomial Decay

Warm up Updates 500

Total Updates 3350

Positive Class Weighting 1.5 -1, 1.5]
Negative Class Weight 1

Freeze Initial Encoders Yes - [Yes, No|

Table 4.3: mDT Model Hyperparameters. The search space for each parameter is denoted
by the values in [...]
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Method Accuracy Precision Recall — F1

BERT-HateXplain 0.742 0.763 0.742  0.747
Detoxify 0.687 0.679 0.696 0.677
RoBertA Dynabench 0.811 0.822 0.811 0.814
BERT-HatefulDiscuss 0.858 0.858 0.858  0.858
Graphormer 0.735 0.594 0.759  0.667
mDT (ours) 0.880 0.880 0.880 0.877

Table 4.4: Performance of mDT against Text-Only Methods

Bottleneck Size Accuracy Precision Recall — F1

4 0.880 0.880 0.880 0.877
8 0.863 0.864 0.863 0.863
16 0.864 0.850 0.853  0.852
32 0.874 0.872 0.874 0.872

Table 4.5: Effect of Bottleneck Size on mDT Performance

previous graph-based approaches, we evaluated the text-only Graphormer model proposed
in Section 3.4. Although Graphormer was initially focused on predicting hate speech, we
adapted the model for standard hate speech detection and used it to classify comments.

Our results (Table 4.4) show that mDT outperforms all evaluated methods across all
metrics. Specifically, mDT achieves 14.5% higher accuracy and 21% higher F1 score than
Graphormer. This indicates that our approach to incorporating graph context has signifi-
cantly improved over the previous approach that did not include this modality. Although
the performance gap between BERT-HatefulDiscussions and mDT is narrower, we still
outperform all text-only methods. We observed F1-score improvements of 20%, 13%, and
6.3% over Detoxify, BERT-HateXplain, and RoBERTa Dynabench, respectively.

4.2.3 Effect of Multi-Modal Bottleneck Size

Next, we investigated the impact of increasing the number of bottleneck interaction to-
kens (B) in mDT, added during the modality fusion step. Adding more bottleneck tokens
reduces the compression required by BERT and ViT models to exchange information. Ta-
ble 4.5 presents the results, which show that using four bottleneck tokens yields the best
performance. We also observe a slight performance drop when the number of bottleneck to-
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Attention Window Accuracy Precision Recall F1

2 0.866 0.866 0.866  0.866
5 0.880 0.880 0.880 0.877
00 0.870 0.861 0.850  0.855

Table 4.6: Effect of Constraining Graph Attention

Fusion Layers Accuracy Precision Recall F1

6 0.868 0.856 0.854 0.855
8 0.872 0.871 0.844  0.855
10 0.866 0.867 0.866  0.862
12 0.880 0.880 0.880 0.877

Table 4.7: Effect of Fusion Layers

kens exceeds four, underscoring the importance of compression when exchanging modality
encodings between models.

4.2.4 Effect of Constrained Graph Attention

In Section 3.5, we explored the limitations of graph transformers for hate speech predic-
tion, finding that discussion context can sometimes mislead graph models into making
incorrect predictions. In light of this, we investigate the impact of constraining the atten-
tion mechanism of our graph transformer network to only attend to nodes within a specified
maximum number of hops from a source node. We report the results in Table 4.6 and find
that constraining the attention window to 5 hops achieves better performance. However,
we observed that the performance gains from the 5-hop constraint were lost when attention
was further restricted to two hops. Our findings suggest that a balance is required when
constraining graph attention to achieve optimal performance.

4.2.5 Effect of Fusion Layers

Next, we investigate the effect of increasing the number of Multi-Modal Fusion Layers (Z)
in our mDT model. To ensure full utilization of the 16 available layers, any unused layers
were allocated to the Initial Pre-Fusion step (K). Our results in Table 4.7 indicate that
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Usage of Images Accuracy Precision Recall F1

With Images 0.880 0.880 0.880 0.877
Without Images 0.832 0.835 0.822  0.828

Table 4.8: Effect of Excluding Images

utilizing 12 fusion layers leads to the best performance. Interestingly, the performance gains
did not follow a linear trend with the number of fusion layers. Specifically, we observed
that using 8 fusion layers outperformed using 10 layers but remained inferior to 12 layers.
Further research should investigate the potential benefits of scaling beyond 12 fusion layers
by utilizing larger modality models.

4.2.6 Effect of Images

We also investigated the impact of removing images in mDT. Our findings (Table 4.8)
support the hypothesis that images provide crucial contextual information for detecting
hateful content: excluding images resulted in a 4.8% decrease in accuracy and a 4.9%
decrease in the F1 score. It is worth noting that, even without images, mDT outperformed
Graphormer (Table 4.4), indicating that our approach yields substantial gains over prior
graph-based methods for hate speech detection beyond image inclusion. The results of
this experiment underscore the importance of considering multiple modalities for hate
speech detection and suggest that future research should further explore improvements by
leveraging additional contextual information.

4.2.7 Qualitative Analysis: BERT vs. mDT

We next qualitatively compare a text-only BERT model against the proposed mDT archi-
tecture. We find that the text-only BERT model misclassifies 385 of 2717 test instances.
Upon passing those test instances through mDT, we found that it corrected BERT’s labels
in 161 of 385 cases. We further note that BERT and mDT disagree on 264 test instances, of
which mDT is correct in 161 (61%). Figure 4.4 shows a fine-grained distribution of misclas-
sified test examples by class. Using mDT results in an overall decrease in misclassifications
(385 — 327), with a significant reduction in false positives (fewer misclassifications for the
‘Not Hateful’ class). However, we notice that BERT and mDT both struggle to detect the
presence of hate speech in derogatory slurs (DEG) and identity-directed (IdentityDirected-
Abuse) comments.
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BERT misclassification dist. mMDT misclassification dist.

0,
e
14.4%
1%

20.3%

1.79
k Not Hateful
Not Hateful
mmm DEG mmm [dentityDirectedAbuse AffiliationDirectedAbuse
HOM mmm |T| HATE m=m LTI NORMAL Neutral NDG

Figure 4.4: Fine-grained distribution of BERT and mDT misclassification. (Acronyms
above as in Table 4.2)
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Primary Text Context (only seen by BERT mDT
mDT)

Now imagine if virtuous | [...] Preferred pronouns: | Not Hateful Hateful
keyboard sjws had their | go/f-slur/yourself [...] If
way? Their mascot should | the Chinese in my corner
be Ralph Wiggum. of NZ only sold to Chinese
they’d starve by Thursday.
[...] They just wanna b-
slur about something be-
cause their own life sucks.

whoa brah.. leave my | [image] (Figure 4.5) [...] | Not Hateful Hateful
tranny out of this that’s f-slur retarded [...]
Just spit my drink [...]

"That n-slur was on PCP | [image| (Figure 4.6) [...] | Not Hateful | Hateful
Johnson” Lmao [ts” a common pattern when
dealing with these shoot-
ings. * Kill black dude [...]
* Wingnut welfare kicks in
as racist f-slur create go-
fundme of over half a mil-
lion f-slur dollars for cops
family [...]

Uwu OWO uwu [...] That is not even Hateful Not Hateful
close to what feminism
is.  What you are talking
about is radical Feminism
[...] Got banned from my
sexual minority subreddit
(r/bisexual) for not believ-
ing that all bisexuals should
actually be pansexuals [. . .]

Table 4.9: Text instances misclassified by BERT and mDT. Note: The ground truth for
all the examples shown here is “Hateful”. We have also redacted portions of the text for
brevity, indicated by [...].
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Figure 4.5: An image present in the discussion context of example 3 (Table 4.9), seen only
by mDT, contextualizing comments as potentially hateful

Table 4.9 shows some hateful test instances misclassified by the two models. We note
that the main text under consideration (an individual comment) may not, on its own,
exhibit hate speech; however, considering it in context (the rest of the discussion thread
and the image) helps mDT correctly classify the test instances as hate speech. Consider the
second example in Table 4.9. The word “tranny” is a common acronym for “transmission”
on social media, but considering the context, it is an abusive discussion directed toward
the transgender community. This is further contextualized by the accompanying image in
the discussion, leading to evidence of hateful interpretations (Figure 4.5). Images within
the discussions for each example provide similar contextual evidence, as seen in the third
example and Figure 4.6.

We also found some intriguing test examples in which adding context proved misleading
to the model, while BERT confidently classified the main text as hateful. For instance, in
the last example in Table 4.9, comments in the context are largely non-abusive, misinter-
preting the primary text as non-abusive. This suggests that while adding context results in
a net decrease in misclassifications, a largely neutral context may also mislead the model.
This is likely due to our strong emphasis on discussion context when obtaining the final
classification, as reflected in our use of the discussion node embedding b?.
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Dickinbae Mutumbo o
B YHEeqular Dub —

“Police found PCP in his car" BITCH idc if
they found Jon Benet Ramsey in his car...
¥'all ain't know that until AFTER you
murdered him FOH

Hep 20, 2018, 725 PM
7,033 RETWEETS 5, 7127 LIKES

Figure 4.6: An image present in the discussion context of the conversation in table 4.9,
seen only by mDT, contextualizing comments as potentially hateful

4.3 Future Work

While we find mDT an effective method for analyzing social media discussions, we have
noted that it struggles when the discussion context is predominantly neutral. To address
this, we propose using a first-stage text-ranker to compute semantic relevance between
comments, thereby filtering out unrelated messages.

We also note that many contextual signals in social media discussions remain untapped
beyond text, images, and discussion structure. Incorporating named entity recognition
techniques such as Mishra et al. [2022], Hebert et al. [2022b] could integrate deeper analysis
of real-world knowledge and be well complemented by the contextual nature of mDT.
Another exciting step forward would be to expand our study of individual communities
to identify indicators of their propensity toward hateful conduct [Waller and Anderson,
2021]. We are particularly interested in capturing the culture of platforms that host diverse
communities, including marginalized ones, which exchange unique, reclaimed vernacular
that is at risk of being misinterpreted as hate speech. The contextual nature of mDT, as
captured by graph transformers, holds much promise for advancing these extensions.

Another promising direction is the incorporation of generative large language models
(LLMs) into hate speech detection. Recently, works such as ShieldGemma [Zeng et al.,
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2025] and LlamaGuard [Chi et al., 2024] have been employed to moderate chatbot conver-
sations. A notable key benefit of generative LLM-based hate speech detection systems is
the ability to describe and update platform rules in natural language. However, the large
parameter sizes of these models (often 8 billion parameters or more, several orders of mag-
nitude larger than mDT) would incur significant latency, which may make them unsuitable
for the high-throughput nature of social media conversations. Future work should explore
how to bring the adaptability and world knowledge of generative LLMs to mDT without
compromising throughput.

Finally, the versatility of mDT’s core mechanisms makes it a promising tool for a range
of applications beyond hate speech detection. This approach could be applied to other
domains such as online product reviews [Jagdale et al., 2019], political discourse analysis
[Lyu and Luo, 2022], and popularity analysis [Chen et al., 2022a, Tan et al., 2022], where
understanding the discussion context is critical for accurate interpretation.

4.4 Conclusion

This chapter presented mDT: a holistic approach to detecting hate speech in social media.
Our model leverages graphs, text and images to reason about entire discussion threads.
At the core of our approach is the introduction of hierarchical spatial encodings and the
coupling of text, image, and graph transformers through a novel bottleneck mechanism.
We also presented a new dataset of complete multi-modal discussions containing a broad
spectrum of hateful content, enabling future work into robust graph-based solutions for
hate speech detection®.

One significant contribution is the demonstration that discussion-oriented multimodal
analysis can improve the detection of abusive behaviour online. Compared to several key
competitors, our experimental results demonstrate the quantitative improvements achieved
through our method. Notably, we accomplish a 21% improvement in F1 over previous meth-
ods that incorporate discussion context, such as Graphormer (Section 3.4). Furthermore,
our initial qualitative analysis demonstrates the valuable impact of our holistic multi-modal
approach.

Beyond enhanced holistic discussion analysis, our work provides a richer understanding
of conversational dynamics, supporting community-centric prediction. This is primarily

3We leave additional comparisons with image-text multi-modal methods to future work to resolve
fairness considerations; these competitors require comments to be multi-modal, whereas we can notice
relevant discussion responses with images.
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driven by our novel improvements to graph transformers, a method gaining momentum in
AT molecular modelling, which reveal their potential to capture relationships in complex
multimodal discussions. We hypothesize that this expressiveness in capturing context can
aid in disambiguating false positives, preventing further marginalization of communities,
and proactively mitigating hateful behaviours.

Overall, our approach provides a path forward for addressing hate speech on social
media and encourages the exploration of holistic, graph-based, and multimodal models for
interpreting online discussions. We believe our research can help foster healthier, more
inclusive online environments, thereby improving individuals’ mental health.
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Part 11

Context of Federated Agents
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Chapter 5

Background and Roadmap

5.1 Roadmap

In Part IT of this thesis, we explore the contextual nature of multi-agent federated reinforce-
ment learning. We start by defining the relevant background in this chapter. Section 5.2
provides the foundational background of reinforcement learning, up to the Soft Actor-Critic
algorithm proposed by Haarnoja et al. [2018], which we utilize in this work. Next, Section
5.3 introduces the background of federated learning and methods for merging multiple
models in a privacy-preserving manner, typically through parameter averaging. Finally,
Section 5.4 covers related work in multi-agent reinforcement learning connected to our
proposed methods in Chapter 6.

In Chapter 6, we introduce FedFormer. Our intuition behind FedFormer is that not all
agents in federated learning are relevant, and that relevance depends on the environment
in which the agent operates. From this perspective, we propose adapting the Transformer
architecture by treating the federated learning process as a contextual aggregation problem.
Under this framework, we treat the agent’s current state as the Query, while the other
agents’ federated representations of that same state serve as the Keys and Values. The
attention mechanism then computes a new state representation as a weighted sum of the
other agents’ insights, with weights dynamically determined by the relevance of each peer’s
“Key” to the current agent’s “Query”.

Within that Chapter, Section 6.1 introduces the FedFormer Architecture. Section 6.2
details our experimental results on the MetaWorld benchmark [Yu et al., 2020], a set
of heterogeneous robotic manipulation tasks. Our evaluation explores performance on
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individual tasks (Section 6.2.2), the scalability of FedFormer to larger agent pools (Section
6.2.3), and its unique ability to onboard new agents (Section 6.2.4). We conclude with a
brief discussion of future directions for FedFormer in Section 6.3.

5.2 Reinforcement Learning

Reinforcement Learning (RL) is a machine learning paradigm concerned with how an
intelligent agent should take actions in an environment to maximize the cumulative reward.
Unlike supervised learning, where a model is trained on a static dataset of labelled examples
(e.g., classifying an image as a "cat” or "dog”), an RL agent learns through trial and error.
RL agents interact within an environment, observe the consequences of their actions, and
adapt their behaviour to maximize some objective. This framework is widely applied in
domains such as robotics (learning to walk or grasp objects), game playing (learning to
play Chess or Go), and autonomous driving (learning to navigate traffic).

The mathematical foundation of RL is the Markov Decision Process (MDP) [Sutton
et al., 1999]. An MDP provides a formal framework for modelling decision-making in
situations where outcomes are partly random and partly under the decision-maker’s control.
An MDP is defined by a tuple (S, A, P, R, ), consisting of the following components:

e State space S: The set of all possible situations or configurations (states) the envi-
ronment can be in. For a robotic arm, a state s € S would represent the angles of
its joints and the position of the object it is trying to grasp.

e Action space A: The set of all possible moves or decisions (actions) available to the
agent. For the robotic arm, an action a € A could be the application of a specific
voltage to a motor that actuates a joint.

e Transition function P: A probability distribution P(s|s, a) that defines the probabil-
ity of reaching state s’ when executing action a in state s, modeling the dynamics of
the environment. This captures the potentially stochastic nature of the environment,
in which actions may not yield deterministic outcomes (e.g., a robot may accidentally
slip when taking a step).

e Reward function R: A function R(s,a) that returns the expected immediate reward
of executing action a in state s. Rewards signal "good” and "bad” behaviour. For
example, the robot arm could receive a reward of 1 for successfully grasping the
object, —1 for dropping it, and —0.1 per second to encourage speed. In this thesis,
we use the reward as our performance metric.
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e Discount factor v: A scalar value v € [0, 1) that determines the importance of future
rewards. Setting v close to 0 makes the agent "myopic”, caring only about immediate
rewards, while setting + closer to 1 makes the agent ”farsighted”, valuing long-term
cumulative gain.

Given this MDP, the goal of an RL agent is to optimize a policy my(a|s), parameterized
by 6, that indicates the expected probability of executing action a in s. The optimization
objective is to find an optimal policy 7* that maximizes the expected sum of discounted
rewards over time [Sutton et al., 1999]. We can quantify the value of following a policy 7
starting in state s using the value function J7(s):

JW(SO> - Eﬂe

thR(st, at)] (5.1)

Here, the term ~* ensures that far future rewards are weighted less than immediate rewards,
and prevents the sum from growing to infinity in tasks with infinite horizons. An optimal
policy yields the highest possible value J™ for every state compared to any other policy
(i.e., 7 = argmax,(J7(s)) for all s).

While J7(s) dictates the value of a specific state, it does not specify which action to
take next that would maintain that value or improve upon it. To bridge that gap, we can
utilize the action-value function (or Q-function), @™ (s,a). This function estimates the
value of taking a specific action a in state s, and then following policy my thereafter:

Qﬂg (507 aO) = R(507 aO) + nywg

> ' R(s:, at)] (5.2)

t=1

Note that the value of a state J™(s) is simply the expected value of the Q-functions for all
available actions in that state, weighted by the policy’s probability my(a|s) of taking them.

In most real-world scenarios, the agent does not know the transition distribution P
or the reward function R in advance. Instead, the agent learns from experience, estimat-
ing the optimal policy based on sampled trajectories of states, actions and rewards (i.e.,
81, 1,71, S2, a2, T2, ...) that it experiences as it interacts with the environment, referred to
as episodes. In practice, this is done by storing experiences into a replay buffer D, storing
tuples (s,a,r,s") € D, where s and s’ are the current and resulting states, respectively
[Sutton et al., 1999]. These tuples are then sampled during training.
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Soft Actor-Critic (SAC)

There are many different approaches to find the optimal policy 7*. Of these, Policy Gradi-
ent methods update the parameters 6 of a policy 7y by taking steps in the direction of the
gradient of the value function, increasing the probability of high-reward actions: [Sutton
et al., 1999, Williams, 1992]:

Vo™ (s1) = Valog(me(ai|s:)) Y 7" Rlsv,av) (5.3)

t'=t

Although stable, Policy Gradient methods often exhibit high variance and sample ineffi-
ciency because the sum of an episode can vary significantly across episodes [Konda and Tsit-
siklis, 1999]. Conversely, value-based methods, such as Q-Learning [Watkins et al., 1989],
first optimize the Q-function (equation 5.2) and then derive a policy 7 from it. Value-based
methods are more sample efficient, but can be unstable during training [Watkins et al.,
1989].

Actor-Critic methods aim to combine the strengths of both approaches. Proposed by
Konda and Tsitsiklis [1999], Actor-Critic methods maintain two separate neural networks:
the Actor network (my(als) parameterized by 6), which is the policy that determines the
agent’s behaviour a in state s, and the Critic network (Qy(s,a) parameterized by )
which estimates the expected return (Q-value) of that action. These networks are jointly
optimized so that the Critic learns to predict the value of the Actor’s actions, and the
Actor updates its policy to maximize the Critic’s value estimate.

In this thesis, we focus on the Soft Actor-Critic (SAC) variant of the Actor-Critic
method, proposed by Haarnoja et al. [2018]. SAC distinguishes itself from standard Actor-
Critic methods by modifying the RL objective to maximize both the expected sum of
rewards and the policy’s entropy. This aims to encourage the agent to explore the envi-
ronment more widely to avoid converging to a local optimum. This is implemented by
modifying the objective function J™(s;) as

T (s0) = By | > 4" (R(s1, 50) + aH (w(-|s1)) (5.4)

where H is a function measuring the entropy of policy 7 in state s; as:
H(m(:|st)) = Equr [—log m(als;)] (5.5)

Here, o is a temperature parameter that determines the relative importance of the entropy
term (encouraging exploration) against the reward (encouraging exploitation).
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Putting everything together, SAC trains the Critic network to minimize the error be-
tween its Q-value prediction and a target value:

ﬁQW) = E(s,a,r,s’)zD |:(Q1ZJ(S7 a) - y(r, S/))2:| (56)
y(r,s')=r+~ (Qqﬁ(s', a') — a log Wg(a’\s/)) (5.7)

where y represents the “ground truth” target, composed of the immediate reward r and
next state s’. th is the target Q-function, an average of past Q-functions, used to stabilize
training.

Conversely, the Actor is trained to maximize the estimates provided by the Critic while
maintaining high entropy. This is achieved by minimizing the following loss:

L:(0) =Esupamr, [ log mp(a,s) — Qu(s,a)] (5.8)

By minimizing this loss, the Actor increases the probability of actions that the Critic
assigns high Q-values (Qy(s,a)), while the entropy term (a log ) encourages exploration.

5.3 Federated Learning

Machine learning often follows a centralized approach, in which diverse data from various
sources are collected and merged into a cohesive dataset to train a model. While effective,
this paradigm faces challenges when handling sensitive private data requiring security. For
example, in healthcare or autonomous driving, raw data such as patient records or camera
feeds are too sensitive to transmit to a centralized repository.

Federated Learning (FL) aims to address these challenges. First proposed by McMahan
et al. [2017], FL is a distributed training paradigm that enables multiple remote clients
to collaboratively train a shared model without sharing raw, potentially sensitive, training
data. The key premise of FL is to transmit locally trained model weights rather than data.

There are four key properties of federated learning: distribution, data protection, gen-
erality and status equality [Qi et al., 2021]. Distribution states that federated model
training is performed in parallel across all participating models. Data protection ensures
that the training data held by each participating party is not transmitted to other parties.
Generality states that federated models must generalize to diverse environments. Finally,
status equality ensures that training favours all participating parties equally and often uses
identical infrastructure.
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The foundational algorithm for FL is Federated Averaging (FedAvg) [McMahan et al.,
2017]. Given a set of N parties, each with loss functions {F;}¥ , and datasets {D;}Y, € D,
FedAvg updates a centralized model as

Vi, wi(t+1) = wi( ) — YV F;(w;(t)) (5.9)

D
S+ 1) Z‘D’ (t+1) (5.10)

where w;(t) is the model update computed by agent ¢ at time step ¢, 7 is a fixed learning
rate and w, are the parameters of the centralized model. Under this policy, one can tune
how often each model communicates its parameters to the centralized source.

While FL was initially designed for supervised tasks, it is natural to extend its principles
to Reinforcement Learning. Here, FL is used to federate training of the policy and critic
networks [Qi et al., 2021], with various domain-specific modifications. Instead of each agent
having a private labelled dataset, each agent processed a local reply buffer D of its own
experiences. Applications of Federated Reinforcement Learning include tackling the game
Pong [Nadiger et al., 2019]; optimize edge computation for IoT devices [Ren et al., 2019,
Wang et al., 2020b, Tehrani et al., 2021], and towards real-time electric vehicle charging
[Zhang et al., 2022].

Another direction in federated reinforcement learning is to use agent-level metadata to
weight their contributions. Lim et al. [2020] and Chu et al. [2022] weigh agent contribu-
tions according to their average reward. Similarly, Wang et al. [2020a] proposes weighting
FedAvg based on metadata such as batch size, average loss, dataset size, and hit rate.
We refer to this class of federated methods as Weighted Federated Averaging. Since most
prior work relies on FedAvg with minor adjustments toward domain-specific goals, or on
different model architectures or additional preprocessing steps before applying FedAvg, we
focus on directly comparing FedAvg and Weighted FedAvg.

However, a critical limitation of applying FedAvg to RL is that it assumes that, al-
though data may differ, all agents are solving a consistent task that a single average set
of parameters can solve [Ren et al., 2019, Wang et al., 2020b, Tehrani et al., 2021]. This
does not always hold in FRL, where agents can operate in heterogeneous environments [Qi
et al., 2021]. For example, a self-driving car might be operating in a rural environment
while another learns in a dense urban center. Averaging the weights of both models might
yield a one-size-fits-all model that performs poorly across environments [Qi et al., 2021].
This limitation defines the primary research focus of Part II. Rather than simply aver-
aging the model weights, we argue that aggregation should be contextualized by learning

76



relationships between agents and that the agent’s current environment should determine
federation weights.

5.4 Related Work

A similar field to federated reinforcement learning is multi-agent reinforcement learning
(MARL). MARL focuses on tasks in which multiple agents interact in the same environment
and share insights to solve cooperative or competitive tasks [Stone and Veloso, 2000]. A
significant challenge with these systems is the environment’s non-stationarity, in which
each agent has its own perspective within the same environment, and actions taken by
a single agent can affect the environment for others [Zhang et al., 2021]. Therefore, it
is critical that multiple agents can efficiently share information, as in federated learning
[Foerster et al., 2016, Sukhbaatar et al., 2016, Mao et al., 2018]. However, MARL relies on
a continuous flow of observations between agents and often uses a centralized model to plan
each agent’s actions [Mao et al., 2018, Han and Gmytrasiewicz, 2019], thereby rendering
these methods unsuitable for federated learning.
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Chapter 6

FedFormer: Contextual Federation
with Attention in Reinforcement
Learning

Reinforcement learning has become a ubiquitous tool in applications such as autonomous
vehicles [Sallab et al., 2017, Shalev-Shwartz et al., 2016], where vehicles learn to navigate
complex environments, and Internet-of-Things devices [Mohammadi et al., 2017, Bu and
Wang, 2019, Xiong et al., 2020]. However, to obtain robust performance, an extensive col-
lection of training episodes is often needed. In safety-critical systems, such as autonomous
vehicles, training episodes must also be diverse enough to account for the numerous edge
cases the system may encounter. As a result, the scale and diversity of data collection
needed to achieve adequate performance quickly becomes infeasible for a single party. To
address these challenges, a common data-collection technique is crowdsourcing, in which
training episodes are collected from many agents that explore their local environments and
then transmitted to a central controller to train a generalized model [Qi et al., 2021].

However, this strategy comes with a crucial challenge: privacy. In our example of au-
tonomous vehicles, the training data consists of sensitive images of local surroundings that
must be transmitted over the internet to a centralized server. This presents an opportunity
for malicious actors to intercept this data. Motivated by this challenge, privacy-preserving
federated machine learning and federated reinforcement learning have been proposed as
solutions. Here, rather than transmitting training observations, local model weights are
transmitted instead. A centralized controller then aggregates these model weights to form
a new standard model, without any sensitive data being seen.
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The current state-of-the-art general method for combining agents in federated reinforce-
ment learning is FedAvg [McMahan et al., 2017]. This strategy calculates the weighted
average of transmitted model weights across all agents, with each agent’s weight propor-
tional to the number of observations it has seen. However, several drawbacks come with
this approach. In reinforcement learning, policy and critic networks are already prone to
instability, and averaging their parameters could further exacerbate instability. In addi-
tion, averaging model weights across multiple agents often hinders individual exploration in
non-identical environments, a challenge when federating models to explore diverse environ-
ments [Qi et al., 2021]. An example of this is seen in autonomous vehicles, where knowledge
gained from agents exploring rural roads is less helpful to agents exploring urban areas.
Despite this, contributions from both sets of agents would still be equally weighted under
FedAvg, potentially creating a final agent that performs worse in both environments.

To address these drawbacks, inspired by recent advances in natural language processing,
we propose Federated Transformers (FedFormer), a novel federated learning policy based
on transformer encoder models [Vaswani et al., 2017, Devlin et al., 2019]. Rather than av-
eraging model weights, we employ transformer encoders to learn contextual relationships
among agents. We then leverage these learned relationships to contextually federate agents
together during inference. This method enables local agents to maintain models tailored to
their specific environment, facilitating local exploration, while also incorporating contex-
tually relevant insights from other agents. Importantly, these relationships can be learned
without divulging confidential metadata, such as geolocation data, health information or
other sensitive attributes. In addition, we compute these relationships at each time step,
enabling dynamic federation as an agent’s environment changes throughout the episode.
This allows our approach to provide a more efficient aggregation of model insights during
inference.

We evaluate FedFormer using the Meta-World environment [Yu et al., 2020], a bench-
mark of robotic manipulation tasks. Despite training in heterogeneous environments, our
approach yields higher episodic returns than FedAvg and non-federated Soft Actor-Critic
(SAC) [Haarnoja et al., 2018] single-agent methods. This is despite SAC being trained on
the entire set of environments, representing performance without the privacy constraints
of the federation. We also demonstrate the onboarding performance of FedFormer, find-
ing that convergence speed increases by a factor of 5 by leveraging pre-trained agents in
the federated network, even in previously unseen environments. Notably, these results are
obtained without intervention by the other agents, preserving privacy and increasing ef-
fectiveness. When scaled to 10 and 15 agents, FedFormer outperforms FedAvg’s episodic
return by factors of 2.4 and 3.8, respectively, at the last epoch. This illustrates that
FedFormer performs well when scaled to larger agent pools (with matching or improved
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Figure 6.1: Federated Transformer Q-Function (FedFormer). The input to FedFormer is
the observation-action pair (o;, a;) for a given timestep ¢, which is passed to all encoders.
Following the initial encoding, positional encoding for each agent (Agent ID Embedding)
is added, and the embeddings are then aggregated by a Transformer model. The output
is the predicted Q-value Q(o;, a;).

performance), whereas FedAvg fails to achieve noticeable improvements or shows degraded
performance. In all, our results demonstrate that FedFormer outperforms state-of-the-art
FedAvg, scales without performance degradation, and is more effective than single-agent
Soft Actor-Critic while adhering to the privacy constraints of federated learning.

The code for FedFormer is available at https://github.com/liamhebert/FedFormer.

6.1 Methods

Our FedFormer model adapts the SAC algorithm by introducing a contextual federated
Q-function (Section 5.2). We follow the double Q-network formulation of Soft Actor-Critic
proposed by Fujimoto et al. [2018] to enhance model stability. That is, each agent has
two Q-networks and two target Q-functions, all implemented as FedFormer Q-functions.
The actor network remains the same as SAC, formulated as a standard feedforward neural
network projecting to the action space.

The overall architecture of our federated Q-function is shown in Figure 6.1. Given a
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network of N agents, we initialize the Q-network of each agent with N — 1 frozen external
encoder networks, each representing the other agents, and one local encoder network. We
also initialize a local transformer encoder and a final output decoder network. Each encoder
network uses the same infrastructure, except that the gradients for each external network
are disabled.

The first step in inference is to generate encodings for each encoder network from the
same action-observation pair. Following BERT, we first encode agent identity via element-
wise addition of learned embeddings, according to the encoder network that generated the
representation [Devlin et al., 2019] (IdEmbedding). This enables the aggregator network
to identify the source of each encoding, potentially aiding the learning of which agents are
more relevant to the current agent. We also include a special [CLS] embedding in the
input set to encode the global representation of the transformer network. This stage of
encodings E is thus given as

E = {FF,(0,a) + IdEmbedding(i),Vi € N,CLSEmbedding} (6.1)

where F'F; is the encoder network for agent . We then feed our set of encodings, F, into a
transformer encoder. Given this set of embeddings, each layer of our transformer encoder
network computes:

Q=EWq, K = EWg, V = EWy, (6.2)
Attn(FE) = softmax (QET> 1% (6.3)
Vd

where Attn(FE) is an attention-weighted representation of £ and Wq, Wk, Wy are all
learnable weight matrices representing the Query, Key and Value embeddings of the input.
In our work, we utilize a two-layer transformer encoder architecture, which can be further
tuned in future work.

After aggregating each representation through our transformer encoder, we concatenate
the transformed encoding of the [CLS] token (ecrg)) with the local encoder representation
FFy((0,a)) into a final decoder network, predicting the Q-value for that action-observation
pair for agent ¢. This is given as:

Qi(0,a) = FFy(e([CLS]), F Flpcar(0, a)) (6.4)

Since each agent has its own transformer encoder network that is trained according to
the agent’s own local loss function, the [CLS] encoding is therefore trained to be a global
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representation relevant to the task of that agent. During backpropagation, we fine-tune
the end-to-end model apart from the external encoder networks.

At the end of every epoch, the frozen external networks are updated with the local en-
coder networks from the other agents. Since each agent needs only to transmit the weights
of its local encoder network to the other agents, network bandwidth increases relative to a
FedAvg-based strategy, but not proportionally due to the increase in model complexity. In
practice, network bandwidth is kept negligible because local encoder networks are small. In
our experiments, each agent was required to upload 1.8MB and download 1.8MB x N — 1,
which is negligible under modern network conditions. In addition, we only replace the en-
coders in the Q-function, not the target Q-function, as the target Q-function is eventually
replaced by the Q-function regardless, as part of Soft Actor-Critic [Haarnoja et al., 2018].

An interesting aspect of our architecture is the ease of agent onboarding, the process
by which agents are introduced into the federation network. Since transformer networks
can scale to a variety of input sizes, onboarding new agents simply involves adding a new
encoder network to the set of external encoder networks. This is significantly different from
FedAvg, which risks introducing untrained noise into other networks through parameter
averaging.

6.2 Results

6.2.1 Experimental Design

To evaluate FedFormer, we utilize the Meta-World benchmark [Yu et al., 2020], which
comprises a set of robotic manipulation tasks that can be parameterized with random
variables. As a result, we can initialize a wide variety of diverse heterogeneous environments
while maintaining the same task, a challenge for traditional FedAvg methods. For this
work, we evaluate our methods on a set of seven tasks that involve operating a robotic
arm to push buttons, open and close windows, doors, and drawers, and reach specific
destinations, among others. !

We compare our solution against Federated Averaging (FedAvg) [McMahan et al.,
2017], Weighted FedAvg (FedWeightedAvg) as implemented in Chu et al. [2022] and non-
federated Soft Actor-Critic (SAC) [Haarnoja et al.; 2018]. As discussed in Chapter 5,

"'While the Meta-World benchmark can assess how well a meta-learning agent improves over a collec-
tion of tasks, we instead evaluate how well our solution performs on each of the several different tasks
individually.
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recent advances in federated reinforcement learning are grounded in federated averaging
with many domain-specific adjustments. Therefore, we focus our evaluation on comparing
underlying federation strategies, as our method can behave as a direct replacement for
FedAvg. We also compare our methods against SAC to quantify the performance degrada-
tion that occurs when privacy is preserved in a federated setting. Our experiments against
SAC are trained on a centralized set of environments used by the federation methods.
It is essential to note that performance degradation is expected due to privacy-preserving
restrictions. As such, matching or exceeding non-federated methods is a challenging bench-
mark and is often referred to as an upper limit for federated learning [Qi et al., 2021].

In each experiment, we use the same hyperparameters as proposed for SAC in the Meta-
World paper [Yu et al., 2020], except that we train for 250 epochs, each with 600 training
iterations, due to computational limitations. We utilize a batch size of 1200 steps and
keep a replay buffer of size 10°. Each agent comprising the evaluated federation strategies
learns from a set of five sampled environment configurations and is tested on a different set
of five sampled environments. As such, each agent has access to a small, constrained set
of heterogeneous environments. Both federation strategies (FedAvg and our FedFormer)
have five participating agents unless otherwise stated. For non-federated SAC, the single
agent learns from the full set of sampled environments: 25 for training and 25 for testing.
To ensure robustness, we use 10 random seeds per method and average the results, with
error bars representing the standard error, as shown by the shaded areas in the figures.

We use a three-layer feedforward network with two output heads to predict the mean
and variance of a tanh distribution over the action space, serving as the policy network.
For FedFormer, our Q-network is a two-layer transformer with a hidden size of 400. Each
encoder and decoder network consists of a three-layer feed-forward network, with each
layer having a hidden size of 400, except for the final decoder layer, which has a single
output unit representing the Q-value. For FedAvg and SAC, the Q-network consists of a
three-layer feedforward network, with each hidden layer having 400 units, except for the
final layer, which has a single output unit representing the Q-value. We include a detailed
list of all hyperparameters in Table 6.1.

To implement our work, we modified an SAC implementation in RLKit [RAIL-Berkeley
and contributors, 2021] by adding additional modules borrowed from Garage [Contributors,
2019] and PyTorch [Paszke et al., 2019]. RLKit and Garage are licensed under the MIT
license?, and Pytorch is licensed under the BSD-3 “Revised” license ®. Experiments were
run in parallel on a computing cluster comprising RTX 3080, RTX 2080Ti, V100, and P100

2https://spdx.org/licenses/MIT.html
3https://github.com /pytorch /pytorch/blob/master /LICENSE
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Parameter Value

Shared Parameters

Batch Size 1200

Number of Epochs 250

Path Length 500

Gradient Steps per Epoch 600

Discount Factor 0.99
Optimizer Adam

Policy Hidden Sizes (256, 256, 256)
Policy Activation Function ReLU

Policy Learning Rate 3 x107*

—20
2

Policy Minimum Standard Deviation e
Policy Maximum Standard Deviation e

Soft Target Interpolation 5x 1073

Use Automatic Entropy Tuning True
FedFormer

Transformer Layers 2

Transformer Heads 4

Transformer Hidden Sizes 256

Encoder Hidden Size (256, 256, 256)
Decoder Hidden Size (256, 256, 256)
Batch Normalization True
Activation Function ReLU
Q-Function Learning Rate 3 x 107

SAC and FedAvg

Hidden Size (256, 256, 256)
Activation Function ReLU
Q-Function Learning Rate 3x 1074

Table 6.1: Hyperparameters used by each method explored in our study. Shared parameters
apply to all methods.
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Figure 6.2: Performance on Meta-World tasks

GPUs, depending on availability.

6.2.2 Meta-World Evaluation

In the first set of experiments, we compare the performance of FedFormer (blue) against
FedAvg [McMahan et al., 2017] (orange), Weighted FedAvg [Chu et al., 2022] (red) and
non-Federated SAC [Haarnoja et al., 2018] (green) on seven Meta-World tasks. Figure 6.2
shows the results, where the X-axis represents training epochs and the Y-axis is the average
episodic return. Improvements in the X-axis indicate that the agent can learn faster, and
the Y-axis indicates enhanced performance, where the agent outperforms other agents.
Further, the separation in standard error (shaded area) between the methods indicates
improved performance across 10 evaluated seeds.

FedFormer outperforms FedAvg and Weighted FedAvg and, surprisingly, matches or
exceeds non-federated SAC performance across all evaluated tasks. As indicated by the
standard error bars, FedFormer consistently outperforms FedAvg across six of the seven
tasks evaluated. The only exception is the drawer-close task, in which all methods
achieved similar returns.
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The performance difference between FedFormer and FedAvg increases as training pro-
gresses. At the final epoch, FedFormer achieves 2.17x (door-open), 1.77x (drawer-open),
1.48x (window-close), 2.25x (button-press), 3.41x (reach) and 2.60x (window-open)
performance gains over FedAvg. The only task on which FedAvg performs compara-
bly to FedFormer is drawer-close. We also observe that FedAvg behaves similarly to
FedWeightedAvg, except for window-close, where FedWeightedAvg achieves significantly
stronger performance.

Notably, increases in effectiveness are observed in the button-press, drawer-open, and
door-open tasks, in which FedAvg appears to plateau around epoch 50. This is contrasted
with FedFormer, which continues to improve performance. We hypothesize that this is
due to stifled exploration in FedAvg, a key feature of reinforcement learning that differs
from traditional machine learning. When an individual agent achieves substantial gains in
FedAvg, it is forced to average its parameters with those of other agents, which may be
performing much worse. This is overcome by FedFormer, which enables attentive, selective
aggregation among agents based on their learned relevance. The most surprising results are
compared with those of the non-federated SAC. In the door-open, reach, window-open,
and window-close tasks, FedFormer consistently outperforms SAC at each epoch and is
robust to standard error. Focusing on the final epoch, we also obtain 1.56x performance
gains in the drawer-open task, 1.36x performance gains in the button-press task, and
1.58x performance gains in the window-open task. We achieve performance comparable to
SAC on the remaining tasks.

Recall that SAC agents are centralized and train on the entire set of environments
without preserving privacy. In contrast, FedFormer adheres to the privacy constraints
of federated learning by utilizing a distributed pool of agents. As such, we expected
that SAC would serve as the upper bound of performance achievable by FedFormer. We
reason two hypotheses to explain FedFormer’s superior performance. First, the use of a
transformer aggregation network enables FedFormer to leverage agents’ individual expertise
in a dynamic, context-sensitive manner without requiring a centralized model. As such,
FedFormer resembles a mixture-of-experts architecture [Fedus et al., 2022], enabling it
to leverage the expertise of distinct experts. Second, the federated nature of FedFormer
enables distinct replay buffers for each agent, whereas SAC uses a single central buffer.
This may assist in developing specialist behaviours for each agent.

6.2.3 Scalability

Next, we assess the scalability of our method to larger agent sets. To do this, we compare
the results of both federation strategies (FedAvg and our FedFormer) when scaled to 5,
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Figure 6.3: Performance when scaling federation methods to 5, 10 and 15 agents

10 and 15 agents (Figure 6.3) . As in our tests in Section 6.2.2, each agent is given five
sampled environments for training and five for testing, without replacement. Since Meta-
World generates 50 environments per task, some agents will have overlapping training and
testing tasks, but never within the same agent. It is assumed that including more agents
in federated learning will yield more robust models by providing greater access to training
data. However, it is also important to note that the reported performance is the average
of all agents. Therefore, all agents must perform competently to achieve a high metric in
our results. It is essential to note that scaling poses a more challenging problem due to
the increased heterogeneity of the environments in which each agent operates.

We find that increasing the number of agents improves performance in FedFormer and
worsens performance in FedAvg. Focusing on the final epoch and when utilizing 10 agents,
we can see performance improvements of 2.23x (window-close), 2.95x (door-open), 1.47x
(drawer-open), 1.83x (reach) and 2.70x (window-open) compared to FedAvg. We observe
similar gains with 15 agents, with performance improvements of 1.98x (window-close),
2.75x (door-open), 1.62x (drawer-open), and 1.88x (window-open). We also see that
FedAvg fails to meaningfully scale above FedAvg (5), with FedAvg (5) and FedAvg (10)

4 Although we evaluate our methods up to 15 agents, we can scale up to 512 agents (or 1024 with sparse
variants) due to our usage of transformers
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Figure 6.4: Performance of onboarding agents into pre-trained federation networks on the
window-close task

performing comparably or worse across all tasks. Many of the reported results are also
robust to standard error. We hypothesize that FedAvg’s poor performance stems from
many agents simultaneously exploring the environment, only to be forced into a single
representation. In our experiments, we observed that FedWeightedAvg exhibited trends
similar to those of FedAvg, with marginal improvements as the number of agents increased.

As a result, we conclude that our federation strategy can efficiently scale to include
multiple agents. This result aligns with prior work on transformer models, which has
shown their ability to reason over larger sets of embeddings [Devlin et al., 2019].

6.2.4 Agent Onboarding

In real-life use cases, agents are often introduced at random intervals into federation strate-
gies. When an agent joins an established federation network, the network must adapt to
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accommodate the new environments introduced by the agent. In the case of FedAvg, this
can be a significant setback, as model averaging can introduce noise into converged models
when new models originate from distinct heterogeneous environments. In addition, FedAvg
can require all agents to restart training to keep up with the new agent’s modifications.

We now evaluate the onboarding strategy of FedFormer, which overcomes all these
challenges (Section 6.1). To do this, we train a FedFormer network on the window-close
task and save the resulting converged encoder networks. We then train a single new agent
across five never-before-seen environments, using the saved encoder networks from previous
agents as the external network set. The main difference here is that the federation does not
update the external networks throughout training. In our experiments, we evaluate our
methods using the trained networks obtained from each seed of the window-close task.
The results of this experiment, compared with FedFormer, SAC, and FedAvg, are shown
in Figure 6.4.

We see that the onboarded agent (red) drastically benefits from the pre-trained encoder
networks. Within the first 60 epochs, the new agent achieves near-equivalent performance
to the original FedFormer network after 250 epochs of training, resulting in a ~ 5x efficiency
increase. We also achieve 6.5x gains over SAC and 11.23x gains over FedAvg at epoch 60,
demonstrating faster convergence. In addition, performance continues to improve beyond
this point, obtaining a 1.24x increase over FedFormer at epoch 250. It is important to note
that this onboarding process was done without any further training from the other agents.

6.2.5 Ablation Study

To evaluate the utility of attention in our federated network, we conducted additional ex-
periments in which we replaced the Transformer in FedFormer with a three-layer multi-layer
perceptron (MLP), which we title FedMLP. To do this, we concatenate the embeddings
generated by each encoder network and feed them to the MLP. Then, the MLP’s output
layer produces a 256-dimensional embedding, matching the dimensionality of the CLS em-
beddings produced by FedFormer. Just as in FedFormer, this embedding is then decoded
by a local decoder network to generate the Q value for that state-action pair (Figure 8.1).
This baseline is similar to work by Zhuo et al. [2019], which proposed concatenating the
Q-network embeddings of two agents into a global MLP. Our results when scaling this
method to 5, 10, and 15 agents are shown in Figure 6.5, following the procedure outlined
in Section 6.2.3. It is important to note that scaling poses a more difficult problem due to
the increased heterogeneity of the environments to which each agent is exposed.

Across all evaluated tasks, we observe FedFormer outperforming the FedMLP baseline.
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Figure 6.5: Scaling Performance when replacing Transformer Network with MLP Network

This can be most evidently seen in the window-close task, where FedFormer (5) often
achieves over 2x the performance of FedMLP (5) across each epoch. It is essential to note
the significant differences between the two methods when scaled to include larger agent
pools. The most pronounced difference is observed on the window-close task, where the
performance of FedMLP drops by 2.4x when scaled to 10 agents and by 3.8x when scaled
to 15 agents. This contrasts with FedFormer, where performance either remains the same
or increases with increasing agent count. These results indicate the importance of the
attention mechanism in FedFormer, especially for scalability. With attention, it is possible
to contextually select and aggregate insights from participating agents in relation to the
current agent’s needs. This contrasts with FedMLP, which must aggregate insights from
all agents, including those that provide irrelevant inputs. The problem of noisy inputs is
then further exacerbated with increased agent counts, as seen in Figure 6.5.

6.3 Conclusion

We presented a novel transformer-based federation strategy, FedFormer. Our technique
addresses concerns about using federated learning for reinforcement learning, which is
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typically implemented using the Fed Avg parameter averaging method. Instead, our method
uses attention to compute contextual relationships between agents without compromising
individual agents’ ability to explore the environment.

Our method outperforms FedAvg and single-agent Soft Actor-Critic (SAC), with Fed-
Former outperforming FedAvg by a factor of 4.4 and SAC by a factor of 1.75. In addition,
we demonstrate that FedFormer scales to larger agent counts, achieving gains of 2.4x and
3.8x over FedAvg with 10 and 15 agents, respectively. This contrasts with FedAvg, which
has negligible performance gains and, at times, performs worse. Lastly, we demonstrate
the ease of agent onboarding in our methods, achieving 5x faster convergence by leverag-
ing pre-trained models without sacrificing the performance of other models. All of this is
achieved while adhering to the privacy constraints of federated learning.

The primary limitation of our work is related to computational latency. Previous work
in transformer models states a computational limit of &~ 512 embeddings when computing
attention [Devlin et al.; 2019]. This is due to the quadratic increase in latency with the
number of embeddings. Further, each new agent will add an encoder network to the model.
As a result, this limits the number of agents that can participate in the federation network.
However, this limit can be addressed by using domain-specific agent sampling strategies,
as explored by Ren et al. [2019], Wang et al. [2020b], and Tehrani et al. [2021].

With our advances in FedFormer, several directions for future work are possible. First,
since our approach does not rely on averaging parameters, it would be interesting to explore
the use of deep learning models to represent the encoder networks [Mnih et al., 2013].
This could allow the federation to tackle more complex tasks involving computer vision
and partial observability by leveraging deep encoders, such as convolutional and recurrent
neural networks. The use of these models would have been difficult in the past due to
instability caused by parameter averaging [Qi et al., 2021].

Another interesting direction for future work is to explore related work in supervised
heterogeneous federated learning. This area proposes techniques for grouping and filtering
agents, including methods for addressing fault tolerance in Byzantine agents [Gao et al.,
2022]. These techniques support learning across a set of heterogeneous, changing envi-
ronments but often assume that the environments (datasets) of individual agents remain
consistent [Gao et al., 2022]. Although this is not typically the case in federated reinforce-
ment learning, these techniques still offer valuable insights. For example, Huang et al.
[2022] could be adapted to cluster agents based on their Q-values, and Fang and Ye [2022]
could be repurposed to detect byzantine agents. The work of Fan et al. [2021] and Chen
et al. [2022b] will also become relevant. The Byzantine filtering layers proposed by Fan
et al. [2021] can be applied to input encoder networks; insights from Chen et al. [2022b] on
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theoretical guarantees may motivate us to extend beyond our current experimental valida-
tion. Since both Fan et al. [2021] and Chen et al. [2022b] are grounded in FedAvg, using
FedFormer with these approaches may represent a significant step forward.

Lastly, our work opens the door for advances in existing FedAvg-based architectures.
From IoT devices to self-driving cars, we believe our methods can serve as a direct re-
placement for FedAvg, delivering better performance. Further evaluation of these tasks
with the addition of domain-specific adjustments such as those proposed in previous work
[Ren et al., 2019, Wang et al., 2020b, Tehrani et al., 2021, Nadiger et al., 2019] would be
especially interesting. We hope that our work can be used to improve federated reinforce-
ment learning and to introduce advances in deep learning to this critical field, especially
as privacy becomes increasingly difficult to preserve in favour of performance.
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Part 111

Context of Sequential Recommenders
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Chapter 7

Background and Roadmap

7.1 Roadmap

In Part IIT of this thesis, we investigate the role of context in personalized sequential
recommender systems. Specifically, we explore how to bridge the gap between two distinct
but complementary sources of context: the implicit, macro-level signals of community
behaviour (collaborative filtering) and the explicit, semantic signals of item content and
user intent.

We start by defining the relevant background in this chapter. Section 7.2 establishes
the foundational paradigms of collaborative and content-based filtering, which respectively
leverage community homophily and item attributes to determine relevance. Next, Section
7.3 discusses the evolution of these static methods into sequential recommender systems,
which model the temporal dynamics of user interactions, a critical form of context. We
then examine the recent trend towards text-only architectures in Section 7.4, where Large
Language Models (LLMs) replace traditional collaborative filtering embeddings entirely by
representing items as text. Finally, Section 7.5 reviews interactive recommender systems
that aim to incorporate user intent through a process called “critiquing”, setting the stage
for our work on incorporating explicit user intent.

In Chapter 8, we propose Flare (Fusing Language models and collaborative Architec-
tures for Recommender Enhancement), a hybrid sequential recommender that combines
community behaviour-based embeddings (collaborative filtering) with content-based infor-
mation, such as item descriptions, and user intent information. Our solution is uniquely
enabled by modifications to the Perceiver architecture [Jacgle et al., 2021], which allow
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Flare to condense all these signals into learnable latent representations (introduced in
Section 8.1.2).

Within that Chapter, Section 8.1.2 introduces the Flare architecture, Section 8.1.3
introduces the auxiliary contrastive loss used by Flare, and Section 8.1.4 introduces how
Flare incorporates user intent. Section 8.2 presents our experimental results, addressing
four key questions: the scalability of collaborative filtering baselines (Section 8.2.2), the
performance of Flare on large-scale datasets (Section 8.2.3), Flare’s ability to follow textual
user intent (Section 8.2.4), and Flare’s capacity to generalize to out-of-distribution critiques
(Section 8.2.5). To evaluate the capability of our models to follow intent, we propose the
Cat-nDCG evaluation paradigm in Section 8.2.5. We further validate our approach with
a qualitative study in Section 8.2.6 and extensive ablation studies in Section 8.2.7, before
summarizing our contributions in Section 8.3.

7.2 Collaborative and Content-Based Filtering

At its theoretical core, the recommendation problem can be formalized as a utility esti-
mation task. Let U = {uy,uq,...,up} denote a set of M users and Z = {iy,is,...,in}
denote the set of N items. The fundamental goal of a recommender system is to learn
a utility function f : U x Z — R, where the r,; € R output represents the predicted
preference, relevance or probability of interaction between a user and an item. Then,
the item recommended to the user will be the item with the optimal utility value (i.e.
it = argmaz;er f(u,i)). The central challenge of this task arises from the sparsity of the
interaction space. The Cartesian product U x Z is vast, yet the set of observed interac-
tions O = {(u,4)|ry; # 0} is much smaller relative to the set of total possible interactions.
This challenge has motivated efforts to develop a more expressive, contextually grounded
understanding of users U and Z to estimate relevance more accurately.

Before the advent of deep learning and sequential modelling, the field of recommender
systems was dominated by two paradigms: collaborative filtering (CF) and content-based
filtering (CBF). Both approaches aim to define the relevance function f by measuring the
pairwise similarity between a user v and an item 4, with CF using community homophily-
based similarity and CBF using semantic-based similarity. Understanding these foun-
dational paradigms is key, as modern hybrid recommenders are essentially sophisticated
syntheses of the foundational ideas of these two paradigms.
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7.2.1 Collaborative Filtering

Collaborative filtering (CF) operates on the principle of homophily and collective intel-
ligence. The central hypothesis of CF is that users who have agreed in the past (i.e.,
shared similar interaction patterns) will agree in the future. For example, if user A has
purchased items 1, 2, and 3, and user B has purchased items 1 and 2, a collaborative
filtering approach would recommend item 3 to user B. A defining characteristic of pure
CF is its agnosticism towards the attributes of the items themselves. It does not require
any external context about the items (such as genre, price or textual description). It relies
solely on the structure of the user-item interaction matrix O.

CF strategies are broadly categorized into heuristic-based and model-based approaches.
Heuristic-based approaches compute similarity metrics directly on the interaction data
without learning an underlying generative model. The first step in a heuristic model is to
identify a neighbourhood of users, N'(u), most similar to the target user u. This is often
created using metrics such as the Pearson Correlation Coefficient or the cosine similarity
of item ratings (i.e., Likert [0 — 5] ratings of preference) between the target user and other
users. Then, using this neighbourhood, the predicted rating 7, ; for an item 7 is computed
as an aggregation of the ratings to the same item by neighbours v € A (u). While heuristic
approaches are largely intuitive, they are notably sensitive to data sparsity because they
rely on ratings from a neighbour set N (u).

Model-based approaches, in contrast, aim to learn the underlying structural properties
of user-item observations O. A seminal model-based CF approach is Matrix Factorization
(MF), a variant of Singular Value Decomposition (SVD). Matrix Factorization addresses
sparsity by learning projections of users U and items [ into a shared, lower-dimensional
feature space of dimension d, where d < M, N. Each user v € U and item ¢ € [ is
associated with a latent vector p, € R% and ¢; € R?, respectively. Then, the estimated
relevance 7, ; is approximated by computing the dot product of latent vectors:

To learn the latent vectors p, and ¢;, the system minimizes the regularized squared
error on the set of ground truth observed ratings O:

Mingepe > (rui — ¢ pu)* + M@l + lpul?) (7.2)
(u,8)€eO

where 7, ; is the ground truth relevance value and A is a hyper-parameter controlling the
regularization strength. Since the optimization objective of matrix factorization (equation
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7.2) is non-convex due to having two unknowns (p, and ¢;), alternating least squares
(ALS) is often applied to update parameter weights [Hu et al., 2008]. At a high level, ALS
alternates between solving ¢; and fixing p,,, then solving p, and fixing ¢;. This alternating
process ensures that equation 7.2 decreases until convergence [Hu et al., 2008].

The key strength of matrix factorization lies in its ability to capture transitive rela-
tionships. If user A and user B share similar latent embeddings (p,,) and user B rates item
X highly, MF can recommend item X to user A even if they share no concrete overlap
in viewed items, effectively handling sparsity better than neighbourhood methods. Many
works have proposed augmentations to matrix factorization. Koren [2009] incorporates
global user biases b, (i.e. the average rating the user gives to items) and global item biases
b; (i.e. the average rating of the item) when calculating 7, ;. These factors can then be
updated over time to reflect evolving user trends, such as fashion trends. He et al. [2017]
propose replacing the relevance dot product (Equation 7.1) with a neural network, termed
Neural Collaborative Filtering.

7.2.2 Content-Based Filtering

In parallel to collaborative approaches, content-based filtering (CBF) constructs recom-
mendations by comparing items’ attributes with a user’s profile [Gao et al., 2021]. Unlike
CF, which relies on community behaviour, CBF relies on the semantic content of items to
determine relevance '. For example, if user A rated the movie Alien highly, a content-based
recommender could retrieve Terminator, as the two movies share overlapping characteris-
tics (i.e thriller, action, sci-fi).

A typical workflow for a CBF system involves first creating semantic representations g;
for all items in the corpus, such as TF-IDF embeddings of product descriptions and image
embeddings. Then, user representations p, are created as the average of item embeddings
¢; that the user has interacted with. Like CF, the estimated relevance 7, ; is determined
by measuring the embedding similarity between ¢; and p; (equation 7.1).

While CBF cannot capture transitive community relationships, it excels in addressing
the cold-start problem. The cold-start problem occurs when the system lacks sufficient
data to model a user or item reliably, typically due to limited observations (i.e., ratings)
O [Bobadilla et al., 2012, Hou et al., 2018]. The most common cause of the cold-start
problem is the introduction of new items or users, which results in less robust ¢; and p,

'In this thesis, we focus on semantics defined in natural language; however, previous work has also
recognized content-based semantics as defined in knowledge base properties [Tran and Cohen, 2000]
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representations, respectively. Another symptom of the cold-start problem is popularity
bias, in which unpopular items are unlikely to receive additional ratings while popular
items continue to receive ratings [Hou et al., 2018]. CBF is robust to the item cold-start
problem as it does not require an item to be rated by others to be recommended. However,
CBF is also prone to overspecialization, leading to recommendations that are overly similar
to previous interactions. For example, a user who interacts with a red shirt might only be
recommended more red shirts.

The limitations of CF and CBF, specifically their inability to model the sequence of user
actions and their struggle with cold start items, motivated the development of sequential
recommender systems and hybrid architectures.

7.3 Sequential Recommender Systems

Traditional collaborative filtering and content-based filtering methods are often static. User
preferences are modelled by aggregating the entire interaction history into a single snapshot
representation (e.g. a latent vector p,). This aggregation process effectively discards the
temporal order of interactions.

However, in many real-world scenarios, user behaviour is intrinsically sequential and
causal. A user’s next action is often driven by their immediate context rather than their
overall long-term preferences. For instance, a user who purchases a digital camera is highly
likely to subsequently purchase an SD card or a camera bag. This pattern is not a cor-
relation but is grounded in a temporal context. Static models might recommend another
camera (because it is similar to the purchased item), whereas a sequential model recognizes
the complementary nature of the accessory following the main purchase. Sequential recom-
mender systems (SRS) aim to capture these dynamic and temporal dependencies [Donkers
et al., 2017, Hidasi et al., 2016a, Kang and McAuley, 2018, Sun et al., 2019]. Instead of
a static user vector p,, the input to an SRS is the ordered sequence of user interactions
Sy = {i1,12, ..., 11}, where the objective is to predict the next item ;.

Work on sequence modelling for recommendations has traditionally focused on RNNs
[Hidasi et al., 2016a, Donkers et al., 2017] (introduced in Section 2.1) and, more recently,
on transformers (introduced in Section 2.3). Two dominant transformer-based architec-
tures have emerged as state-of-the-art in collaborative filtering sequential recommender
systems: SASRec [Kang and McAuley, 2018] and Bert4Rec [Sun et al., 2019]. In both of
these architectures, the input to the transformer is the sequence S, consisting of dense
embeddings of items (akin to ¢;), in place of word embeddings.
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The difference between SASRec and Bert4Rec lies in their attention patterns and loss
functions. SASRec [Kang and McAuley, 2018] enforces a causal (unidirectional) attention
mask (akin to a generative model), whereas Bert4dRec [Sun et al., 2019] adopts a bidi-
rectional attention mask. The authors of SASRec [Kang and McAuley, 2018] argue that
the causal mask of SASRec enables a more natural training process, where predictions are
strictly based on previous items. Conversely, the authors of Bert4Rec [Sun et al., 2019
argue that bidirectional masking increases the amount of information available for creating
rich item representations. The other difference between SASRec and Bert4Rec lies in their
loss function. Standard SASRec typically uses a binary cross-entropy loss with negative
sampling, where the model is tasked with predicting whether an item in the sequence is
correct (1) or incorrect (0) [Kang and McAuley, 2018]. Conversely, Bert4Rec uses standard
cross-entropy (softmax) over the entire item vocabulary, tasking the model to select the
next item from the complete item vocabulary [Sun et al., 2019].

To improve recommendation quality, follow-up efforts investigate hybrid models that
augment item ID sequences with corresponding item context sequences (e.g., textual de-
scriptions, categories, attributes). For example, HybridBERT4Rec [Channarong et al.,
2022] extends Bert4Rec with a separate tower that models item context, using the set of
users that consume that item as input. S*Rec [Zhou et al., 2020] proposes self-supervised
pre-training tasks to align items and attributes by utilizing mutual information maximiza-
tion. CaFe [Li et al., 2022] explicitly models coarse-grained, or intent-based, sequences
along with dense fine-grained sequences to better capture short-term vs long-term pref-
erences. CARCA [Rashed et al., 2022] combines item sequences, associated context, and
item attributes, connected via cross-attention, to better correlate older and more recent
items in the user profile. U-BERT [Qiu et al., 2021] trains user and content encoders in
a self-supervised pre-training stage using content-rich signals, followed by fine-tuning to
focus on content-deficient domains.

7.4 'Text-only Large Language Model Recommenders

Large Language Models (LLMs) have emerged recently as a promising avenue for recom-
mender systems. LLMs are transformer models pre-trained on large-scale text corpora,
enabling them to acquire world knowledge, develop reasoning capabilities, and enhance
natural language understanding. Notably, LLMs have also demonstrated the ability to
generalize across many tasks by framing them as text-generation tasks [Raffel et al., 2020].
These capabilities have encouraged their adoption in recommender systems, where works
replace explicit collaborative-filtering-based item representations with natural-language
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Figure 7.1: Architecture of Recformer. Recformer represents items as text-based key-value
pairs (i.e. Brand: Apple, Colour: Gold). Figure taken from [Li et al., 2023]

textual representations. Under this paradigm, the LLM text-generation task is mapped to
generate text for recommended items.

For example, Recformer [Li et al., 2023] proposes an item representation comprising
learned embeddings of text-based key-value pairs (figure 7.1). TIGER [Rajput et al.,
2023] investigates a semantic ID representation for items, along with a T5-style [Raffel
et al., 2020] training and generative approach for retrieval. UniSRec [Hou et al., 2022]
learns transferable item representations based on item description, along with sequence
representations with contrastive tasks. UniSRec can also incorporate IDs during fine-
tuning.

Recent efforts explore incorporating collaborative filtering embeddings directly into a
large-language model (LLM), motivated by the intuition that the LLM’s language seman-
tics facilitate item-context interpretation. P5 [Geng et al., 2022] represents all user-item
signals, along with associated context, as natural language sequences that are input to an
encoder/decoder model (figure 7.2). LC-Rec [Zheng et al., 2024] uses vector quantization
for ID representation and LLM pre-training tasks to align items and language. CLLM4Rec
[Zhu et al., 2024] adds new user and item tokens to the LLM, along with a training head
to model the collaborative filtering signal. Hua et al. [2023] study methods for effectively
adding item IDs to the LLM token vocabulary. User-LLM [Ning et al., 2025] encodes
user history into user embeddings and incorporates them into an LLM via cross-attention.
Harte et al. [2023] experiment with extracting item embeddings from a pretrained LLM to
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1 find the purchase history list of user_15466:
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Figure 7.2: Text-to-text recommendation task of P5. Figure taken from Geng et al. [2022]
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make recommendations directly, as well as to initialize Bert4Rec’s item embeddings. CAL-
Rec [Li et al., 2024] proposes a two-stage LLM finetuning approach using a combination
of contrastive and language modelling losses.

7.5 Interactive Recommender Systems and Cri-
tiquing

In Chapter 8, we also explore methods for incorporating the macro-context of user in-
tent to guide the recommendation process. Earlier work in this space focuses on eliciting
attribute preferences from users, typically at the feature level, through a process called
critiquing [Burke et al., 1996, Tversky and Simonson, 1993, Tou et al., 1982, Smyth and
McGinty, 2003, Pu and Faltings, 2004, Luo et al., 2020a, Shimazu, 2002]. An example
of a critique would be asking the user whether they prefer red or black shirts, akin to a
salesperson proactively asking questions to determine what items to show the user. Early
critiquing works elicited feedback through suggested pre-designed tweaks [Burke et al.,
1996] or through language-driven dialogue systems [Shimazu, 2002, Thompson et al., 2004,
Grasch et al., 2013].

Recent work [Wu et al., 2019, Luo et al., 2020b,a] explores systems that jointly learn
latent representations for users, items, and key-phrases, the latter of which serve as cri-
tiques that can influence the recommendations through operations in the latent space.
Others explore the interpretation of attributes [Nema et al., 2021, Balog et al., 2021] to
support critiquing. We view hybrid models that associate item sequences with textual
context signals as natural extensions of recent critiquable recommenders. In particular, we
believe that the intrinsic world knowledge provided by LLMs offers a promising avenue for
incorporating critiquing signals into a hybrid recommender.
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Chapter 8

FLARE: Fusing Language Models
and Collaborative Architectures for
Recommender Enhancement

Modern web experiences depend on recommender systems to help users discover person-
alized and relevant content. As the volume of available items, from streaming media to
e-commerce, far exceeds the cognitive processing capacity of any individual user, the need
for automated, intelligent filtering has become increasingly important. Recommender Sys-
tems (RS) aim to address this challenge. Research in recommender systems has evolved
from simple heuristic filters into complex neural systems capable of modelling dynamic
user preferences with high precision.

Of particular interest are systems that incorporate the sequential order of interactions
as an extra source of context [Donkers et al., 2017, Hidasi et al., 2016a, Kang and McAuley,
2018, Sun et al., 2019]. For instance, a user who buys a cell phone will likely be interested in
purchasing a case for it. Note that this pattern is directly grounded in the temporal order
of interactions. Without temporal dynamics, a recommender system might recommend an-
other phone because it is similar to the item the user purchased. Sequential recommenders
are often implemented by modelling sequences of collaborative filtering embeddings (Sec-
tion 7.2.1), which we refer to as “item-ID only”.

With the advent of large language models, some methods have proposed hybrid rec-
ommenders that also model sequential context (e.g., textual descriptions, categories, at-
tributes) for items [Hidasi et al., 2016b, Huang et al., 2019, Zhang et al., 2019]. These
models suggest that local item context (without macro-level user grounding) is itself in-
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formative, with the potential to improve overall recommendation quality and address the
cold-start problem for new items. With the advent of transformer-based large language
models, more recent work has focused on forgoing collaborative filtering embeddings en-
tirely and concentrating solely on free-form text and attributes [Li et al., 2023, 2024, Zhou
et al., 2020, Rashed et al., 2022, Qiu et al., 2021, Ning et al., 2025, Rajput et al., 2023].
These text-only works extend the thesis of sequential context by assuming that only local
item context is required to make informative recommendations. Indeed, these approaches
demonstrate that using text improves performance over item-ID-only baselines, such as
Bert4Rec [Sun et al., 2019], which is widely used to justify these new approaches.

However, these comparisons often overlook a significant disparity in model scale and
evaluation contexts. Text-based methods typically leverage Large Language Models
(LLMs) with millions (or even billions) of parameters. At the same time, Bert4Rec ID-
only baselines are frequently diminutive, often using the default configurations proposed
in the original paper with only two layers and 64 dimensions', and therefore remain sig-
nificantly undertuned. Furthermore, evaluations are commonly conducted on relatively
small datasets (/240k items); this setting inherently favours LLMs, which can rely on rich
pre-trained semantic knowledge, while disadvantaging ID-based models that require larger
volumes of interaction data to learn robust embeddings from scratch. The gap in the
item scale also raises questions about whether text-only approaches remain practical and
feasible in a more realistic industrial setting.

Our work starts by re-evaluating the potential of macro-level item-ID information. Our
results from extensive tuning and scaling of Bert4Rec, referred to as Bert4Rec*, consistently
exceed those of standard Bert4Rec, with some datasets demonstrating relative improve-
ments of up to +65% recall@10 (measuring whether the item appears in the top 10 items)
and +31% nDCG@10 (measuring the predicted rank of the correct item). These findings
suggest that ID-only models are more competitive than previously assumed, indicating
value in macro-level user similarity.

In summary, collaborative filtering item embeddings leverage macro-level user similar-
ity and are more competitive than previously assumed, but are susceptible to the cold-start
problem and shifting user needs. On the other hand, text-only models overcome the cold-
start problem and can benefit from rich semantic information, but ignore macro-level user
similarity. Together with in-depth evaluation, the complementary strengths and weak-
nesses of these approaches motivate the central research question of this chapter: “How

IThis configuration can be seen as the default in RecBole, the industry standard li-
brary for recommender systems baselines, which many of our referenced papers use verbatim:
https://github.com/RUCAIBox/RecBole/blob/master/recbole/properties/model/BERT4Rec.yaml
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can we effectively integrate the benefits of LLM-powered local item context embeddings
with macro-level collaborative filtering embeddings?”

To explore this question, this chapter presents Flare, a simple hybrid recommender
that extends Bert4Rec by incorporating a modern text encoder using a Perceiver [Jaegle
et al., 2021] network. Rather than directly using collaborative filtering item embeddings,
Flare uses a Perceiver network to intelligently distill local text-based item context em-
beddings and a macro-level collaborative filtering embedding into a single learnable latent
embedding. This integration enables efficient synthesis of text-based item context and
item embeddings, providing a richer representation for recommendations. Flare outper-
forms state-of-the-art models on certain datasets, indicating that combining IDs and text
unlocks additional benefits.

To empirically validate these benefits, we conduct an extensive evaluation across multi-
ple categories in the Amazon Product Reviews dataset. We also assess the applicability of
our work on the significantly larger Clothing, Shoes, and Jewelry category, which comprises
376k unique items. Our findings indicate that Flare’s effectiveness and performance trends
are consistent across both small and large-scale settings, demonstrating the scalability and
generalizability of our hybrid architecture in more realistic scenarios.

Beyond evaluating historical data, a key capability for a recommender is also its ability
to adapt to shifting user intent. Standard ranking metrics, while essential for assessing
historical prediction accuracy, are insufficient for this purpose as they do not measure
a model’s responsiveness to explicit, real-time feedback. To address this methodological
gap, we propose and formalize critiquing [Chen and Pu, 2012, Gao et al., 2021, Jannach
et al., 2021] as an evaluation task for text-aware recommenders. This paradigm assesses
a model’s capacity to integrate user-intent instructions and local item context to guide
its predictions. We do this by using the category of the next item, as given in natural
language, and measuring the overlap between the command and the retrieved items. We
evaluate this overlap through our proposed metric, Cat-nDCG, and present baselines for
this task on the Amazon Product Reviews dataset.

In this chapter, we make the following contributions:

e A empirical re-evaluation of ID-only baselines. We demonstrate that a well-tuned and
scaled Bert4Rec* significantly outperforms prior results, challenging the prevailing
trend toward text-only recommenders. This finding establishes the continued value
of macro-level collaborative signals.

e The proposal of Flare, a novel hybrid architecture. Flare directly addresses our
central research question by effectively integrating local, text-based item context
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with macro-level, collaborative filtering embeddings. It uses a Perceiver Transformer
network to distill these signals into a single learnable latent embedding, achieving
superior performance compared to models that rely on either context in isolation.

e The establishment of new, robust baselines on a large-vocabulary dataset. By evalu-
ating our models on a dataset with 376k items, we address a significant limitation in
the literature concerning model scalability. Our results validate the practical appli-
cability of the hybrid approach in more realistic, industrial-scale settings and provide
a new benchmark for future research.

e The formalization of critiquing as an evaluation paradigm. We introduce a com-
prehensive methodology and baselines for this task. Critiquing offers a new way to
measure a model’s ability to adapt to the crucial macro-context of explicit, real-time
user intent, a capability that standard ranking metrics fail to capture.

8.1 Method

8.1.1 Task Definition

We formulate the recommendation task as follows. A dataset consists of user sequences,
with each sequence U = {iy,is,...,7,} containing items ¢ € Z. Each item i is a tuple
(ID, T), where ID is the unique identifier of the item, and T' = {t',? ....t™} is a natural
language description of the item consisting of text tokens ¢. Each description 7" comprises
textual content (e.g. item title, category, brand, price, etc). The task is to predict i,q
given U.

8.1.2 Flare Model Architecture

Flare builds upon the foundational Bert4Rec architecture [Sun et al., 2019], augmenting
the collaborative filtering backbone with rich item context features (Figure 8.1). As with
standard sequential recommendation models, Flare adapts the Masked Language Modelling
(MLM) task for recommendations [Sun et al., 2019]. During training, a random subset of
items in the user’s interaction sequence is replaced with a special mask token (mask). The
model’s objective is to reconstruct these masked items by reasoning about the surrounding
context.
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Figure 8.1: Sequential recommender model architecture with text encoder augmentation.
Text tokens are encoded with a frozen (blue) language model (mT5), and the associated
embeddings are resampled with the Perceiver. Components in green boxes are trained
using masked language modelling (MLM).

Category: Office...

For example, an input sequence of item IDs [I Dy, 1Dy, D3, I Dy, I Ds] might be trans-
formed via random masking into [IDs, (mask)y, I D3, (mask)s, I Ds]. The training labels
for this sequence would be (mask); = IDy and (mask), = ID,. Following the item
embedding lookup, the input to the initial transformer layer is represented as:

[617 €(mask), €35 €(mask), 65]

where e; represents the learnable ID embedding for item ID;, and e(yqsky denotes the
shared mask embedding. The transformer layers process the masked sequence, and the
outputs for the masked positions are fed into a softmax over the item vocabulary. The loss
is calculated as the average negative log-likelihood:

1 )
Loiv = o] > P(ID,, =1ID;,|U") (8.1)

IDmeUm

where U™ is the set of masked items, I D7, is the ground truth item, and U’ is the masked
input sequence.

To integrate macro-level semantic context, Flare modifies the input representation.
Instead of relying solely on the ID embedding e;, we augment it with a context embedding
t; derived from the item’s textual metadata (e.g., title, description). The input sequence
becomes:

[01, €(mask)s C3, €(mask) 05]
where the combined representation ¢; is the vector sum of the ID embedding e; and the
projected context embedding ;.
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Context Encoding via Perceiver

A core architectural challenge in hybrid recommendation is mapping variable-length textual
descriptions to a fixed-size embedding space compatible with item IDs. To achieve this,
we employ a frozen, pre-trained Large Language Model (LLM) encoder (specifically, mT5
Base [Xue et al., 2021]) followed by a Perceiver [Jaegle et al., 2021] network.

The Perceiver is a specialized Transformer architecture designed to efficiently process
high-dimensional, multimodal inputs. Unlike standard Transformers, which computation-
ally scale quadratically with the input sequence length, the Perceiver scales linearly. It
achieves this by introducing a small set of learnable latent vectors that act as queries in a
cross-attention mechanism. Given the variable-length output sequence from the LLM en-
coder, the Perceiver’s latent vectors iteratively query this input to extract the most salient
semantic information. This process acts as a learned information bottleneck, distilling the
unbounded textual data into a fixed-size, dense representation.

Using a Perceiver offers two distinct advantages over simple mean-pooling or truncation:

1. Information Selection: The cross-attention mechanism allows the model to learn
which parts of a description are relevant for recommendation (e.g., focusing on “wire-
less” and “noise-cancelling” while ignoring filler words), rather than treating all to-
kens equally.

2. Multimodal Flexibility: The Perceiver can naturally handle inputs from multiple
sources by simply concatenating them along the sequence dimension. This capability
is critical to Flare’s critiquing mechanism (Section 8.2.4), as it enables us to fuse item
descriptions with user critique strings into a single joint encoding without modifying
the downstream architecture.

Finally, the Perceiver’s output is linearly projected to match the dimensionality of the
item ID embeddings (e;) and summed, enabling the main Transformer backbone to process
a unified representation that combines collaborative and semantic signals.

8.1.3 ID-Text Contrastive Learning

We introduce an auxiliary contrastive loss to align item ID embeddings with item-context
embeddings. This approach is motivated by the observation that the less frequent, or
“tail” items, which have limited representation in the training data, can instead rely on
their contextual representations. Conversely, frequently occurring items can benefit from
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collaborative filtering signals that can be learned by training a sequential recommender.
Aligning ID and context embeddings places both collaborative filtering (CF) and contextual
signals in the same latent space, potentially allowing context to fill information gaps in CF
embeddings. More precisely, we employ the InfoNCE loss function [Oord et al., 2018] as
detailed below:

eit;

N

1 exp(<t — m)

*Cc = T a7 E IOg 1 r e;t; (82)
NS eXp(ethl —m)+ Z;V:L#i exp( ZTtJ)

where 7 is the softmax temperature, and we also include a softmax additive margin term
m to each positive pair to increase the separation between positive and negative pairs, as
proposed by Yang et al. [2019].

8.1.4 Critiquing

A core component of hybrid recommenders is their ability to effectively leverage both
textual content semantics and collaborative filtering. However, bridging the gap between
these two modalities remains challenging, potentially leaving the downstream sequential
recommender unable to fully exploit the information in each modality.

We propose a novel masking and evaluation paradigm that uses critiquing to assess
whether hybrid recommenders appropriately leverage both modalities. This consists of
adding a textual instruction S to each item i in the user’s sequence U, providing a broad
hint to guide the model to the next recommended item. That is, each item ¢ in the user
sequence U becomes i = (ID,T,S), where S is the critique instruction. For masked
locations during training and inference, we only mask the ID and item text T, leaving
S unmasked, which the model can utilize as a hint towards the target item (i.e., i =

([(mask), (mask), S)).

The key to this task is that hints are textual, therefore requiring recommenders to adapt
to a text modality by relating the critique to the other signals in the user’s sequence. Note
that this task formulation has many practical applications in recommender systems, such
as refining recommendations by leveraging the user’s explicit natural-language query as a
critique or by using the natural language description of the webpage subsection the user
is currently navigating. In this work, because Amazon Product Reviews does not provide
user queries, we use the item’s product category as a proxy for the user intent critique
string (section 8.2.4). In essence, critiquing strings can help steer a model’s predictions to
incorporate the user’s current context.
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Figure 8.2: Flare adapted to incorporate recommendation critiques. Critiques are textual
descriptions incorporated as a separate modality into the Perceiver to guide the model’s

predictions.
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Flare’s architecture is uniquely suited to including critique text thanks to the Perceiver
network’s flexibility. As described in Section 8.1.2, the Perceiver fuses multi-modal inputs
by concatenating them along the sequence dimension. We treat the critique text as a
distinct input modality, separate from the item description, allowing the model to learn
the semantic interplay between “what the item is” (7") and “what the user wants” (S).

Mechanically, we encode both the item description 7} and the critique string Sy using
the same frozen LLM encoder. To allow the model to distinguish between these modalities,
we add learnable segment embeddings (A7 and 6g) to the respective output tokens. The
Perceiver then ingests the concatenated sequence of description and critique tokens. The
context embedding t; and the final augmented representation ¢, are computed as:

T, = Encoder(T},) + Or (8.3)
S;, = Encoder(Sy) + 05 (8.4)
tr, = Linear (Perceiver ([S}, ; T;])) (8.5)
cp =1t + ex (8.6)

where | ; ] denotes concatenation, ey is the learnable ID embedding, and the Linear layer
projects the Perceiver’s output to the hidden dimension of the backbone Transformer.
By integrating the critique at the fusion layer, Flare dynamically modulates the item’s
representation based on the explicit user intent before the sequential backbone processes
it.

When masking items for training or during inference, we replace 7 and e at the
desired positions with (mask) embeddings, leaving the model to utilize S’ as a direction
instruction for predictions (Figure 8.2). By treating critique text as a separate input
modality, we hypothesize that the model can learn to associate critique text with item
context. Note that this input is optional; if no critique is provided, the model processes
the item description 7} in isolation.

8.1.5 Training

We train Flare using the MLM loss by masking items in the user’s sequence with 15%
probability, ensuring that at least one item is masked. For the total loss, we use a weighted
sum of MLM loss and the ID-Text contrastive loss:

Liotar = oLy + (1 — a)L. (8.7)

controlled by the hyper-parameter o, which we found a = 0.5 yielded optimal results. For
the contrastive loss, we use a softmax temperature 7 = 0.3 and softmax additive margin
term m = 0.2.
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Recformer CALRec
Dataset ~ # Users # Items I1/U  # Users # Items I/U

Games 55,132 17,389 9.00 50,940 17,383 8.97
Office 101,357 27,932 7.88 44,736 27,482 7.87

Scientific 11,011 5,327  6.98 9,461 5,282 7.04
Music 27,525 10,611 8.40 25,577 10,599 8.39
Arts 56,110 22,855 8&.77 47197 22,828 8.72
Pets 47,569 37,970 8.84 43,135 37,712 8.82
Clothing - - - 1,219,592 376,843 9.20

Table 8.1: Statistics for the Recformer- and CALRec-processed Amazon Product Reviews
dataset. 1/U is the average number of items per user, or average sequence length. Note
that the Clothing dataset preprocessing follows the same steps as CALRec

8.2 Experimental Results

This section investigates the following research questions:

e RQ1: Do the previously reported Bert4Rec baseline models have potential for further
performance gains through tuning?

e RQ2: Can hybrid models like Flare perform well on larger item count datasets?
e RQ3: Can Flare relate textual critique commands to sequential user signals?

e RQ4: Can Flare adapt to critique commands that are out of sequence?

8.2.1 Experimental Setup
Datasets

To evaluate the effectiveness of Flare, we utilize datasets from the Amazon Product Re-
views corpus [Ni et al., 2019]. This extensive collection comprises 233.1 million reviews of
Amazon Products spanning May 1996 to October 2018 across 29 distinct categories. The
dataset provides rich metadata for both product descriptions (title, description, category,
and price) and user reviews (text, timestamp, rating, and summary) (Figure 8.3). We
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-29% %137
I Was: $38:53

Style: 24-Pack
{12-Pack | [24-Pack

$7.92 $13.21
$923 43853

Size: 3" x 3"
Colour Assorted
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Click to see full view
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Figure 8.3: Annotated example of a product in the Amazon Product Reviews dataset.
Note the category string of “Office Products - Office & School Supplies - Notebooks &
Writing Pads - Self-Stick Notes”.
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construct sequential recommendation tasks by grouping reviews by user and sorting them
chronologically, and task the model with predicting the next product the user will review
(i.e., the next item) in the sequence.

We benchmark against Recformer [Li et al., 2023] and CALRec [Li et al., 2024], which
report the current state-of-the-art results. Both methods evaluate performance on the
same six subsets of the Amazon corpus: “Video Games”, “Office Supplies”, “Industrial
and Scientific”, “Arts, Crafts and Sewing”, “Pet Supplies”, and “Musical Instruments.”.
To meaningfully compare our results with those methods, we generated two versions of
these datasets, each following its unique preprocessing procedure.

The primary distinction between the two preprocessing pipelines lies in how they handle
redundant interactions. Recformer does not perform deduplication, meaning that identical
interaction events may appear multiple times within a user’s sequence [Li et al., 2023]. It
also manages sequence length by trimming user histories to a maximum of 50 items. Con-
versely, the CALRec implements a stricter cleaning process by deduplicating user sequences
[Liet al., 2024]. We implement deduplication by removing consecutive items from the same
user that share identical Item IDs (ASINs), review texts, ratings, and timestamps. The
motivation for this deduplication is to mitigate the influence of trivial recommendation
strategies, such as simply recommending the most recently interacted item. To manage
sequence length, CALRec filters out user sequences exceeding 50 items, reducing overall
data volume [Li et al., 2024]. At a high level, CALRec pre-processing is a stricter, more
challenging version of the Amazon Product Reviews dataset compared to Recformer.

Finally, to evaluate the scalability of our approaches, we also establish new baselines on
the larger “Clothing, Shoes and Jewelry” subset. This subset contains ~ 378,000 unique
items, roughly 9x the scale of the largest subset used by our text-based recommendation
baselines. For this large-scale evaluation, we adopt the robust CALRec preprocessing
protocol, applying the same deduplication and filtering criteria to ensure high data quality.
Comprehensive statistics for all datasets and processing variants are provided in Table 8.1.

Baselines

We evaluate Flare against three distinct classes of state-of-the-art sequential recommenders:
ID-only, text-only, and hybrid architectures. As a representative of ID-only approaches,
we employ Bert4Rec [Sun et al., 2019], which utilizes a transformer backbone trained via
BERT-style [Devlin et al., 2019] masked language modelling on item sequences. To ensure
a rigorous comparison, we created updated Bert4Rec baselines derived from extensive
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Parameter Games Office Scientific Music Arts Pets

# Layers 2 2 4 8 2 2
# Heads 2 2 16 8 8 16
Model Dims 64 64 512 256 768 1024

Hidden Dims 256 256 2048 1024 3072 4096
Learning Rate  1e-3 le-3 le-4 le-5  le-4 le4
Batch 1 1 16 16 16 32

Steps 50K 50K 50K 50K 50K 10K

Table 8.2: Hyperparameters used by Bert4Rec for each Recformer dataset

hyperparameter tuning, which we denote as Bert4dRec*. We emphasize that Bert4Rec* is
architecturally identical to Bert4Rec.

For methods incorporating textual semantics, we benchmark against both text-only
and hybrid baselines. In the text-only category, we compare against Recformer [Li et al.,
2023] and CALRec [Li et al., 2024], which rely exclusively on text-based representations
of user history and currently hold state-of-the-art results. For hybrid (Text + ID) models,
we include S*Rec [Zhou et al., 2020], which uses mutual information maximization to
align item and attribute representations, and UniSRec [Hou et al., 2022], which combines
text-based representations with ID fine-tuning. Finally, we note a distinction in training
methodology: while Recformer and CALRec employ a two-stage paradigm of pre-training
across multiple datasets followed by fine-tuning [Li et al., 2024, 2023], Flare is trained only
on the target dataset.

Evaluation Settings

Following prior work [Li et al., 2023, Zheng et al., 2024, Sun et al., 2019], we adopt the
leave-one-out evaluation strategy. We reserve the user’s penultimate and last items for
validation and testing, respectively, and use the remaining items for training. Since training
sequences can be of varying length (Table 8.1), we pack multiple training sequences into a
single input example such that each packed example is as close to the same size as possible.
Then, during training, we restrict attention to just the items within the same sequence.
This maximizes hardware throughput and avoids wasteful computation caused by excessive
padding tokens. As a result, the effective batch size during training can vary from step to
step, depending on sequence length.

For our experiments, we use the Adam optimizer with 8; = 0.9 and Sy = 0.99, following
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Parameter Games Office Scientific Music Arts Pets
# Layers 4 4 2 4 2 4
# Heads 16 16 8 16 8 16
Model Dims 1024 1024 768 1024 768 1024
Hidden Dims 4096 4096 3072 4096 3072 3072
Learning Rate  le-4 le-4 le-4 le-4  le-4 le4
Batch 32 32 32 32 32 32
Steps 10K 10K 5K 5K 10K 10K

Table 8.3: Hyperparameters used by BertdRec for each CALRec dataset

Parameter Games Office Scientific Music Arts Pets
# Layers 8 2 2 2 4 2
# Heads 16 4 8 2 4 8
Model Dims 1024 768 256 1024 512 256
Hidden Dims 4096 3072 1024 4096 2048 1024
Learning Rate le-4 le-4 le-4 le-b  le-4 le4
Batch 2 16 8 2 8 16
Steps 5K 5K 5K 25K 10K 25K
Perceiver Heads 16 16 8 8 2 8
Perceiver Layers 8 2 2 8 2 2
Perceiver Latents 2 8 2 4 2 2
Weight Decay le-3 le-2 le-3 le-3  le-3 1le-3

Table 8.4: Hyperparameters used by Flare for each Recformer dataset
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Parameter Games Office Scientific Music Arts Pets

# Layers 8 4 2 2 4 4
# Heads 4 4 2 2 8 4
Model Dims 256 128 1280 128 128 512
Hidden Dims 1024 512 5120 512 512 2048
Learning Rate le-4 le-4 le-4 le-4  le-4 le-4
Batch 32 32 64 32 32 16
Steps 50K 10K 10K 10K 10K 10K
Perceiver Heads 8 8 8 8 8 8
Perceiver Layers 4 4 4 4 4 4
Perceiver Latents 4 4 4 4 4 4
Weight Decay le-3 le-3 le-3 le-3  le-3 1le-3

Table 8.5: Hyperparameters used by Flare for each CALRec dataset

standard practice [Reddi et al., 2018]. We also performed a hyperparameter sweep over
the number of transformer layers and heads; model and hidden dimensions; learning rate;
batch size; total step count; weight decay; use of contrastive loss; number of Perceiver
layers; and number of heads and latents for the Perceiver network. Tables 8.2 and 8.3 for
Bert4Rec and tables 8.4 and 8.5 for Flare summarize the best parameters for the Recformer
and CalRec datasets, respectively.

Metrics

To evaluate the effectiveness of our models, we employ three standard top-k ranking met-
rics: recall@k, normalized discounted cumulative gain (nDCG@k), and mean reciprocal
rank (MRR). In contrast to standard retrieval metrics, which only consider whether the
top-ranked item matches the correct item, top-k metrics assess whether an item appears
among the top k recommendations. For recall and nDCG, we report results with k£ = 10,
unless otherwise specified.

Recall@k measures the proportion of relevant items successfully retrieved within the
top-k recommendations. In the context of next-item prediction, where there is a single
ground-truth item for each user w, this is equivalent to Hit Ratio (HR@#k) and is defined

as:
1
Recall@k = 7 Z 1(rank, < k) (8.8)

uel
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where U is the set of users, rank, is the rank of the ground-truth item in the recommen-
dation list for user u, and 1(-) is the indicator function.

nDCGQ@E evaluates the ranking quality by assigning higher scores to relevant items
that appear earlier in the recommendation list [Jarvelin and Kekélainen, 2002, 2017]. It
is calculated as the Discounted Cumulative Gain (DCG) normalized by the Ideal DCG
(IDCG):

1 DCG, @k "L rel
DCGak = — 3 —— " pegak =3 — o .
ubCG U] %ZMIDCGu@k’ CCu ;logQ(i—l—l) (8.9)

where rel; represents the binary relevance of the item at position 7 (1 if it matches the
ground truth, 0 otherwise).

MRR (Mean Reciprocal Rank) measures the average reciprocal rank of the first rele-
vant item in the recommendation list, focusing on the model’s ability to place the correct

item as high as possible:
1

1
MRR = — 8.10
| UGZU rank,, (8.10)

For example, if the correct item appears at rank 3, the reciprocal rank for that given item
is 1/3 = 0.333. The final MRR is computed as the average of the reciprocal ranks of the
predicted item for each user in the test set.

8.2.2 Flare Performance on Existing Benchmarks

To assess the efficacy of Flare, we first evaluate our models against the current state of the
art on standard, commonly used datasets. We compare both our tuned ID-only baseline,
Bert4Rec*, and our hybrid model, Flare, against reported reference results from Recformer
[Li et al., 2023] and CALRec [Li et al., 2024]. We ensure that we follow an identical
evaluation methodology and data preprocessing (section 8.2.1).

Tables 8.7 and 8.6 present the performance results using the metrics defined in section
8.2.1. Bold values indicate the best result across all models, and underlined values indicate
the second best. The “%ID” column denotes the relative performance improvement of Flare
over our optimized Bert4Rec* baseline.

Our investigation begins with an analysis of Bert4Rec*. Here, we sought to investigate
whether ID-only models are significantly underparameterized. We find that our tuned
baseline is remarkably competitive. First, we find that Bert4Rec* substantially outper-
forms the original Bert4Rec baselines reported in prior literature. We observe that these

118



Dataset Metrics Bert4Rec UniSRec Recformer S3Rec Bert4Rec* Flare %ID

Recall@10  0.077 0.093 0.116 0.104  0.101 0.112 +10.89%
Pets nDCG@10  0.060 0.070 0.097 0.074  0.081 0.092 +13.58%
MRR 0.059 0.065 0.094 0.071  0.077  0.088 +14.29%

Recall@10  0.121 0.126 0.140 0.119  0.141  0.148 +4.96%
Office nDCG@10  0.097 0.092 0.114  0.091 0.115 0.121 +5.22%
MRR 0.093 0.085 0.109 0.096  0.109 0.115 +5.50%

Recall@10  0.124 0.133 0.161  0.140 0.144  0.153 +6.25%
Arts nDCG@10  0.094 0.089 0.125 0.103  0.111 0.121 +9.01%
MRR 0.090 0.080 0.119 0.106  0.103  0.114 +10.68%

Recall@10  0.103 0.092 0.104  0.088 0.110 0.117 +6.36%
Games nDCG@10 0.063 0.058 0.068  0.053  0.072 0.075 +4.17%
MRR 0.059 0.055 0.065  0.050  0.067 0.069 +2.99%

Recall@10  0.097 0.112 0.105  0.111  0.103 0.112 +8.74%
Music ~ nDCG@10 0.071 0.079 0.083 0.079  0.078 0.085 +8.97%
MRR 0.068 0.074 0.081 0.076  0.073  0.081 +10.96%

Recall@10  0.106 0.126 0.145 0.080 0.113  0.119 +5.31%
Scientific nDCG@10  0.079 0.086 0.103 0.045 0.080 0.084 +5.00%
MRR 0.076 0.079 0.095 0.039 0.074 0.076 +2.70%

Table 8.6: Flare performance against prior baselines on the RecFormer-processed [Li et al.,
2023] datasets. Baseline results are quoted from those papers. Bert4Rec* is our tuned
Bert4Rec, which outperforms previously reported Bert4Rec baselines. The %ID column is
the difference between Flare and Bert4Rec*. The best result is bolded; the second best is
underlined.
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Dataset Metrics Bert4Rec Recformer S3Rec UniSRect CALRec Bert4Rec* Flare  %ID

Recall@10  0.050 0.083 0.065 0.097 0.094 0.100 0.109 +9.00%
Pets nDCG@10 0.038 0.059 0.039 0.057 0.074 0.076  0.082 +7.89%
MRR 0.037 0.055 0.035 0.050 0.070 0.073 0.078 +6.84%

Recall@10 0.071 0.106  0.094 0.122 0.121 0.117  0.124 +5.98%
Office nDCG@10 0.055 0.069 0.061 0.071 0.098 0.094 0.098 +4.26%
MRR 0.052 0.060 0.054 0.060  0.093 0.089  0.093 +4.49%

Recall@10  0.080 0.110 0.105 0.132 0.114 0.107  0.115 +7.48%
Arts nDCGQ10 0.055 0.066 0.060 0.073  0.086 0.079  0.082 +3.80%
MRR 0.051 0.058 0.052 0.062  0.082 0.074  0.077 +4.05%

Recall@10  0.065 0.072 0.088 0.107  0.099 0.078  0.098 +25.64%
Games nDCG@10 0.033 0.038 0.042 0.050 0.059 0.044  0.054 +22.73%
MRR 0.031 0.035 0.037 0.043 0.051 0.039  0.048 +23.07%

Recall@10  0.092 0.094 0.105 0.126  0.116 0.109  0.118 +8.26%
Music nDCG@10 0.068 0.060 0.061 0.071 0.091 0.085  0.088 +3.53%
MRR 0.066 0.0564 0.053 0.061 0.086 0.081  0.084 +3.70%

Recall@10  0.064 0.106 0.073 0.118 0.112 0.083  0.093 +12.05%
Scientific nDCGQ@10 0.041 0.064 0.041 0.064 0.079 0.055  0.060 +9.09%
MRR 0.039 0.067 0.038 0.056  0.073 0.050  0.055 +10.00%

Table 8.7: Flare performance against prior baselines on the CALRec-processed [Li et al.,
2024] datasets. Bert4dRec* is our tuned Bert4Rec, which outperforms previously reported
Bert4Rec baselines. The %ID column is the difference between Flare and Bert4Rec*. The
best result is bolded; the second best is underlined.
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improvements are most profound on datasets with larger item vocabularies. For instance,
on the CALRec Music dataset (10k items), Bert4Rec* achieves a +18% improvement in
Recall@10 and +25% in nDCG@10 over the original baseline. However, on the significantly
larger CALRec Pets dataset (37k items), these gains increase to +100% for both recall and
nDCG@10 and to +97% for MRR. We observe similar trends in the Recformer-processed
datasets. This strongly reinforces our hypothesis that standard ID-only baselines are fre-
quently under-parameterized. This suggests that scaling ID-only can more accurately
incorporate macro-level collaborative context.

Second, somewhat surprisingly, we also find that Bert4Rec* occasionally outperforms
much larger text-only models that rely on LLMs. On the RecFormer-processed “Of-
fice” and “Games” datasets, our ID-only model outperforms the LLM-based RecFormer
model. Specifically, in Recformer Games, Bert4Rec* achieves +5.8% recall@10 and +5.9%
nDCG@10 over Recformer. Furthermore, Bert4dRec* generally outperforms other hybrid
baselines (UniSRec and S*Rec) across Recformer datasets, except for Music. On the Office
dataset, for example, it achieves recall@10 improvements of 11.9% and 26% over UniSRec
and S®Rec, respectively. These findings empirically validate the continued importance of
collaborative filtering signals.

Our results also indicate strong additive performance for Flare, which builds on the
strong foundation set by Bert4Rec* by combining collaborative signals with semantic text.
We find that Flare consistently outperforms Bert4Rec*. Across all datasets, we observe
relative improvements ranging from ~ +4% to ~ +25% (denoted by the %ID column). The
most significant gains are observed in the CALRec Games dataset, where Flare achieves
+25.64% recall@10, +22.73% nDCGQ@10, and +23.07% MRR over the ID-only baseline.
We note that our performance on CALRec games also correlates with strong performance
from other hybrid systems, suggesting that this domain particularly benefits from the
complementary insights provided by textual metadata.

We also find that Flare achieves state-of-the-art performance across five categories: the
Recformer-processed Office, Games, and Music datasets, as well as the CALRec-processed
Pets and Office datasets. Across the remaining five datasets, Flare consistently achieves
second-best performance. Notably, we find that Flare extends the lead over Recformer to
+12.5% recall@10 and +10.3% nDCG@10 on the Recformer Games dataset.

The only domain where Flare exhibits diminished performance is the Scientific dataset.
We theorize that this is attributable to the extreme data sparsity in this domain, which
contains only = 5k items (7.4x fewer than in Pets). We note that successful text-only
competitors Recformer and CALRec employ a two-phase training paradigm, where the
underlying language model is pre-trained on a massive corpus of examples from diverse
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Bert4Rec* Flare

Metrics Recformer Small Base Large % Small Base Large %

Recall@1 - 0.079 0.127 0.128 - 0.123 0.129 0.130 -
Recall@b - 0.106 0.138 0.138 - 0.137 0.142 0.142 -
Recall@10  0.135  0.112 0.143 0.143 +5.93% 0.143 0.148 0.147 +9.63%
nDCG@10  0.123  0.096 0.134 0.135 +9.76% 0.132 0.138 0.138 +12.20%
MRR 0.120  0.091 0.133 0.133 +10.83% 0.130 0.136 0.136 +13.33%

Table 8.8: Performance of Flare and Bert4Rec* (tuned Bert4Rec) scaling on “Clothing”,
a subset with over 370k items. Flare achieves improved performance when increasing the
model size. The % columns show the performance improvement of the best model over
Recformer.

domains before being fine-tuned on the target dataset. This allows them to leverage transfer
learning to mitigate data scarcity. In contrast, Flare is trained from scratch on the target
dataset. This result highlights the dependence of our current approach on sufficient in-
domain training data and motivates exploring pre-training strategies for Flare, as discussed
in Section 9.1 of this thesis, to better handle low-resource domains.

8.2.3 Performance on Large Datasets

Many production applications of recommender systems face vocabulary sizes that are orders
of magnitude larger than those in the datasets above. As such, a question arises whether
performance gains scale with larger vocabulary datasets. To study this problem, we use
the “Clothing, Shoes and Jewelry” category from Amazon Product Reviews (376k Items)
and report the performance of Flare models using different model sizes (Table 8.8). Given
the larger candidate set, we also include recall@1 and recall@5.

We selected three representative model sizes reported as (i) “Small” with 2 layers,
2 heads, 64 model dimensions, and 256 hidden dimensions; (ii) “Base” with 8 layers, 16
heads, 768 model dimensions, and 3072 hidden dimensions; and (iii) “Large” with 32 layers,
32 heads, 768 model dimensions, and 3072 hidden dimensions. For all Flare models, the
Perceiver model size is 8 layers, 16 heads, and 8 latents. The results show that increasing the
model size improves performance, up to a point of diminishing returns. We benchmarked
Flare against two baselines: Bert4Rec* and Recformer. Comparing the Flare models with
the Bert4Rec* models enables us to verify that adding text is useful, independent of model
size.
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The Recformer paper did not evaluate performance on the Clothing dataset. Thus,
we downloaded Recformer’s published pretrained checkpoints and executed the fine-tuning
pipeline. Before fine-tuning Recformer on our Clothing dataset, we confirmed our ability
to successfully reproduce Recformer’s published results on the “Scientific” dataset, within
-0.5% and +3% across runs. Due to the much larger scale of the “Clothing” dataset, we
reduced the batch size from 16 sequences to 8 to accommodate memory constraints.

For their small-dataset evaluation, Recformer pretrains on a disjoint set of datasets
from the one used for fine-tuning. Recformer’s pretrained checkpoint includes “Clothing”,
so fine-tuning that checkpoint on “Clothing” would depart from Recformer’s evaluation
methodology. Although we expect that, because the model sees the “Clothing” dataset
multiple times, performance in this setting is “optimistic” and thus serves as a more chal-
lenging baseline. Even so, the most performant Flare model outperforms on all metrics
and establishes a new baseline for this dataset (Table 8.8).

8.2.4 Critiquing

We evaluate Flare’s ability to utilize textual signals using the critiquing task described
below. We use the “Office” and “Clothing” datasets from Amazon Product Reviews,
following the preprocessing steps as described for the “Clothing” dataset (Section 8.2.1).
We formulate Amazon Product Reviews for this task by using each item’s “category”
attribute as the critique. Each provided category string consists of a hierarchical ordering
of categories, with each category term progressively more precise, delimited by “-”. For
example, the product depicted in figure 8.3 would have the hierarchical category string
“Office Products - Office & School Supplies - Notebooks & Writing Pads - Self-Stick Notes”.
This characteristic enables us to evaluate two different levels of critiquing;:

e Precise critiquing: Critiquing with a specific category using the first four item
categories (Ex: Office Products - Office and School Supplies - Printer Ink € Toner -
Inkjet Printer Ink)

e Broad critiquing: Critiquing with a broad category using the first two item cate-
gories (Ex: Office Products - Office and School Supplies)

By including these text-based hints, we expect that a model that effectively leverages text
semantics will achieve higher performance under precise critiquing, slightly lower perfor-
mance under broad critiquing, and the worst performance without critiquing.
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Dataset Metrics Precise Broad None

Recall@1 0.213 0.138 0.124
Recall@j 0.355 0.180 0.158

Office Recall@10 0.437 0.203 0.173
nDCG@10 0.313 0.168 0.147
MRR 0.286 0.161 0.141

Recall@1 0.167 0.135 0.129
Recall@5b 0.229 0.151 0.142
Clothing Recall@10 0.272 0.161 0.148
nDCG@10 0.212 0.147 0.138
MRR 0.202 0.144 0.136

Table 8.9: Flare’s performance when utilizing precise (4 categories) and broad (2 cate-
gories) textual critiquing. Flare achieves stronger performance under both forms of cri-
tiquing, demonstrating that it can leverage textual critiques, though it shows some room
for improvement in broad critiquing.

Results

Results on precise and broad critiquing on the “Office Products” and “Clothing” datasets
are shown in Table 8.9. Indeed, precise critiquing performance is higher than broad cri-
tiquing, and both outperform not using the critique text. Compared with the baseline
without critiquing, precise critiquing achieved a recall@10 that was 153% and 84% higher
on the “Office Products” and “Clothing” datasets, respectively. The vastly improved per-
formance achieved with critiquing suggests that Flare can leverage textual instruction.

Notably, we observe that broad critiquing only improves performance by +17% and
+9% recall@10 on the same datasets, a much smaller increase than that achieved with
precise critiquing. We hypothesize that the reduced performance gain is due to the lack
of specificity of the critiquing string, offering a challenge for future work. Section 8.2.6
details further qualitative analysis of critiquing outputs.

8.2.5 Out-of-Domain Critiquing

We now examine whether critiquing strings can steer the model toward out-of-domain
categories from the original user sequence. To this end, we construct a variant of the
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Office test set by randomly mutating the last item’s critiquing category to another valid
critiquing category in the dataset. We then evaluate our best pre-trained Flare model
trained under precise critiquing on that modified dataset. Using category mutations, we
evaluate Flare’s ability to follow the critique, even if it is increasingly out of context, given
the user’s history. For example, rather than using the ground-truth shopping scenario for
a desk chair, supported by a user sequence, we perturb the final critique and query the
model to recommend a large industrial-grade TV. In this case, an effective model would
handle the critique request despite being an increasingly distinct domain of the original,
unmodified user sequence.

Category nDCG Metric

Since there are no longer ground-truth items for this task, we propose Cat-nDCG, a variant
of nDCG, to quantify how well the model’s predictions align with the mutated critiquing
string.

We define Cat-nDCG as follows. Let S” be the “target” critiquing string given as
input to the model. Let K be the set of retrieved items sorted by confidence, and S, =
{s1, 82, 83, 84} be the set of hierarchically ordered categories associated with item k € K.
We then define a retrieved item k’s relevance rel;, as

relk = ]Skﬂ5’| (811)

the number of categories in the predicted item k overlapping with the critiquing string S’
Because the categories in S and S’ are hierarchical, an item that matches s; in S” will also
have matched all s;,7 < j. For instance, a retrieved item matching all four categories will
have a relevance of 4, whereas an item only matching two parent categories (s, s but not
s3, 84) will have a relevance of 2. We then apply nDCG [Jarvelin and Kekéldinen, 2002,
2017] as usual using these relevance values (equation 8.9). As a result, Cat-nDCG evaluates
rank-wise whether the model retrieves items matching the given critique category.

Results

To construct the input critique S’, we take an original category string Cy = {c1, ca, 3, ¢4}
for an item k. We consider the candidate set C’,z obtained by randomly mutating each
component category ¢; € C} with j < [ < 4, such that the resulting string maps to a
valid category in the dataset. We then randomly sample a critiquing string from this set,
denoted S’. To ensure that the mutated categories are of high quality, we require that the
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Mutated Categories Cat-nDCG@10

Level 4 (s4) 0.944
Level 3 (s3, s4) 0.917
Level 2 (s, 53, S4) 0.890

Table 8.10: Performance of Flare’s category alignment when mutating the critiquing cat-
egory string to another valid category on Office. Flare’s predictions are nearly entirely
within the desired category, even when the target category differs significantly from the
user’s prior actions.

chosen category S’ contain at least five items in the dataset. As we decrease j, the mutated
categories move farther from the original string C, thereby becoming increasingly difficult
to adapt.

Our results setting 7 = 4, 3, 2, referred to as Level j, is shown in Table 8.10. Starting
with Level 4 mutations, Flare achieves a Cat-nDCG@10 of 0.944, indicating that most
retrieved items follow the critiquing string and are highly ranked. This finding suggests that
Flare can generalize well to out-of-user distribution categories. Notably, when increasing
to Level 2 mutations, Flare’s Cat-nDCG@10 score drops to 0.890. This may be due to a
conflict between the user’s historical signals and the desired category value, suggesting an
area for future work.

8.2.6 Qualitative Study of Critiquing

This section highlights several examples of recommendations generated through critiquing.
Our study focuses on the user retrieved in Table 8.11, who originates from the Office Prod-
ucts category. The target held out item is the 5th item, a box of “T50 Heavy Duty Staples”.
Starting with non-critiquing approaches (table 8.12), we see that neither Bert4Rec* nor
Flare can retrieve the correct item. Inspecting the retrieved items closer, we see Bert4Rec*
does not retrieve any staples or staplers, while Flare can achieve partial relevance with rank
3 with the “Arrow” staples. We now compare to Flare with critiquing (table 8.13), where
we include the target item’s category (“Office & School Supplies - Staplers & Punches”)
as a critique instruction. Here, we see that the correct item is retrieved at rank 1, with all
other items within the same category. Our finding aligns with our Cat-nDCG results in
section 8.2.5, indicating strong instruction-following capability.

In the previous example, the target category can be identified in the user history as
the most recently interacted item (rank 4). To analyze whether Flare’s ability to follow
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User Input History

Seq. ‘ Title

Product Category

1 Spectrum Diversified Scroll Mail and | Office & School Supplies - Forms, Recordkeep-
Letter Organizer, Wall Mount, Black | ing & Money Handling - Key Cabinets, Racks
& Holders

2 Spectrum Diversified Scroll Mail and | Office & School Supplies - Forms, Recordkeep-
Letter Organizer, Wall Mount, Black | ing & Money Handling - Key Cabinets, Racks
& Holders

3 | Canon PGI-250/CLI-251 Combo Pack | Office & School Supplies - Printer Ink & Toner
- Inkjet Printer Ink

4 Arrow Fastener 506 Genuine T50 3/8- | Office & School Supplies - Staplers & Punches
Inch Staples, 1250-Pack - Staples

5* ‘ T50 Heavy Duty Staples [Set of 2] Office & School Supplies - Staplers & Punches

Table 8.11: Example user trajectory in the “Office Products” category. The 5th (*) item,
the box of T50 staples, is held out and is the target next item. Note the preference for
black.

critiquing instructions is sensitive to the user history, we compare outputs generated using
a category outside the user history (“PDAs, Handhelds & Accessories - PDA & Handheld
Accessories”) and one from a different position in the user history (“Forms, Recordkeeping,
& Money Handling - Key Cabinets & Holders”). Our findings in table 8.14 demonstrate
that Flare is robust in both cases, indicated by the retrieved items in both cases, which all
follow the respective critiquing instruction.

Finally, we examine Flare’s ability to interpret varying levels of intent by analyzing
recommendations generated from broad and precise critiques (Section 8.2.4). For the broad
critique, we provide only the coarse, top-level category (“Office & School Supplies”). For
precise critiquing, we focus on disambiguating between “Staples” and “Staplers”, which
both fall under the same training-time category, “Staplers & Punches”. To test whether
Flare can leverage additional detail to disambiguate between these cases, we manually
construct a precise query (“Office & School Supplies - Staplers & Punches - Staples”)
that provides higher granularity than the category strings seen during training (“Office &
School Supplies - Staplers & Punches). This setup aims to test whether Flare can generalize
beyond memorized training critiques and leverage fine-grained semantic cues to distinguish
between closely related items.

Example outputs using broad and precise critiquing are provided in table 8.15. Start-
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Recommendations using Bert4Rec*

Rank ‘ Title ‘ Product Category
1 Scotch Thermal Laminator 2 Roller | Office Electronics - Presentation Products -
System (TL901C) Laminators
2 Spectrum Diversified Scroll Mail and | Office & School Supplies - Forms, Recordkeep-
Letter Organizer, Wall Mount, Black | ing & Money Handling - Key Cabinets, Racks
& Holders
3 Scotch Thermal Laminating Pouches, | Office Electronics - Presentation Products -
8.9 x 11.4-Inches, 3 mil thick, 20-Pack | Laminating Supplies
4 Quartet Dry Erase Board, Whiteboard | Office & School Supplies - Presentation Boards
/ White Board, Magnetic, [...] - Dry Erase Boards
5 Sakura Pigma 30062 Micron Blister | Office & School Supplies - Writing & Correc-
Card Ink Pen Set, Black, 6CT Set tion Supplies - Pens & Refills - Calligraphy
Pens

Recommendations using Flare

Rank | Title ‘ Product Category

1 Sharpie 37001 Permanent Markers, Ul- | Office & School Supplies - Writing & Correc-

tra Fine Point, Black, 12 Count tion Supplies - Markers & Highlighters - Per-
manent Markers

2 Canon PGI-250XL Pigment Black Ink, | Office & School Supplies - Printer Ink & Toner
Twin Value Pack, Compatible with [...] | - Inkjet Printer Ink

3 Arrow Fastener 506 Genuine T50 3/8- | Office & School Supplies - Staplers & Punches
Inch Staples, 1250-Pack - Staples

4 AT&T CL2940 Corded Phone with | Office Electronics - Telephones & Accessories -
Caller ID/Call waiting, [...] Landline Phones - Corded Telephones

5 Pilot G2 Retractable Premium Gel Ink | Office & School Supplies - Writing & Correc-
Roller Ball Pens Fine Pt (.7) Dozen | tion Supplies - Pens & Refills - Rollerball Pens
Box Red [...] - Gel Ink Rollerball Pens

Table 8.12: Ranked recommendations generated for the user in Table 8.11 using Bert4Rec*
and Flare. Both approaches fail to retrieve the correct item (T50 Staplers).
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Recommendations using Flare, with the target category as a critique:
Office € School Supplies - Staplers € Punches

Rank ‘ Title ‘ Product Category

1 T50 Heavy Duty Staples [Set of 2] Office & School Supplies - Staplers & Punches
2 Onotio Heavy Duty 100 Sheet High Ca- | Office & School Supplies - Staplers & Punches

pacity Office Desk Stapler [...]
3 Swingline Stapler, Optima 70, Desktop | Office & School Supplies - Staplers & Punches
Stapler, 70 Sheet Capacity [...]
4 1 X Flat Clinch Staples Mini Box of | Office & School Supplies - Staplers & Punches
1000 by MAX No.10
5 Swingline Automatic Stapler, Breeze, | Office & School Supplies - Staplers & Punches
20 Sheet Capacity, Battery Powered

Table 8.13: Top 5 recommendations generated for the user in Table 8.11, using the category
of the correct item as a critique instruction. The correct item is retrieved at rank 1, with
all other items retrieved within the critique category. Titles shortened are denoted with

]

ing with broad critiques, we find that all Flare-retrieved items fall within the top-level
category specified by the respective critique. Similarly, we find that Flare can leverage the
additional details in the precise critiquing string to retrieve only staples. This is particu-
larly notable given that both critique strings were unseen during training, demonstrating
Flare’s semantic understanding of them.

8.2.7 Ablation Study

Next, we conducted ablation studies to demonstrate the impact of the components of
our proposed model. The results are shown in Table 8.16, which were performed on the
Clothing dataset using a Base model with 8 layers, 16 heads, 768 model dimensions, and
3072 hidden dimensions.

To evaluate the impact of the Perceiver model, we experiment with using the EOS
token embedding directly from a text sentence. While we find that the effects of Perceiver
are less than expected, it enables future applications involving multi-modal inputs. We
also find that bidirectional masking and contrastive loss improve Flare’s performance, with
removing these features resulting in &~ —8% and ~ —6% drops in Recall@5, respectively. In
particular, the largest decrease in MRR was observed by removing bidirectional masking,

129



Recommendations with alternate in-history category as critique:
Forms, Recordkeeping € Money Handling - Key Cabinets € Holders

Rank ‘ Title ‘ Product Category

1 Spectrum Diversified Scroll Mail and | Office & School Supplies - Forms, Record-
Letter Organizer, Wall Mount, Black | keeping & Money Handling - Key Cabinets

& Holders
2 Lucky Line Designer Pattern Key Iden- | Office & School Supplies - Forms, Record-
tifier Caps, 4 Pack (16304) keeping & Money Handling - Key Cabinets

& Holders
3 KeyGuard SI.-8548-U Dual Access | Office & School Supplies - Forms, Record-
Combination Key Cabinet |...] keeping & Money Handling - Key Cabinets

& Holders
4 Master Lock Small Lock Box with 20 | Office & School Supplies - Forms, Record-
Key Capacity, 7131D, Beige keeping & Money Handling - Key Cabinets

& Holders
5 Security Large Magnetic Hide-A-Key | Office & School Supplies - Forms, Record-
Holder for Over-Sized Keys [...] keeping & Money Handling - Key Cabinets

& Holders

Recommendations with outside-history category as critique:
PDAs, Handhelds € Accessories - PDA € Handheld Accessories

Rank ‘ Title ‘ Category

1 Kyocera Kona Black (Virgin Mobile) | Office Electronics - PDAs, Handhelds & Ac-
cessories - PDA & Handheld Accessories

2 iPad Pro 9.7 Case, Apple iPad Pro 9.7 | Office Electronics - PDAs, Handhelds & Ac-
Folio Case, [...] Black cessories - PDA & Handheld Accessories

3 Saunders 00497 RhinoSkin Aluminum | Office Electronics - PDAs, Handhelds & Ac-
Hardcase for Palm Tungsten TX/T5 cessories - PDA & Handheld Accessories

4 ZAGG Folio Case with Backlit Blue- | Office Electronics - PDAs, Handhelds & Ac-
tooth Keyboard [...] Purple-Black [...] | cessories - PDA & Handheld Accessories

5 HQRP Replacement Battery Palm | Office Electronics - PDAs, Handhelds & Ac-
Tungsten E2 PDA + Screwdriver cessories - PDA & Handheld Accessories

Table 8.14: Top 5 recommendations generated for the user in table 8.11, using a product
category from the user history (in-history critique) and using one outside the user’s history
(outside-history critique). Both commands are followed, and all retrieved items are within
the target category, demonstrating Flare’s robust ability to follow instructions. Titles
shortened are denoted with [...].

130



Recommendations with the target item’s broadened category as a critique:

Office & School Supplies
Rank ‘ Title ‘ Category
1 Canon CLI-8M Magenta Ink Tank Office & School Supplies - Printer Ink & Toner
- Inkjet Printer Ink
2 Swingline Stapler, Optima 25, Full Size | Office & School Supplies - Staplers & Punches
Desktop Stapler, 25 Sheet Capacity - Stapler
3 Mead #10 Envelopes, Press-It Seal-It, | Office & School Supplies - Envelopes, Mailers
White, 50/Box (75024) & Shipping Supplies - Envelopes
4 Columbian #10 Envelopes, Security | Office & School Supplies - Envelopes, Mailers
Tinted,4-1/8" x 9-1/2” ) White, 500 [...] | & Shipping Supplies - Envelopes
5 Five Star Filler Paper, Graph Ruled | Office & School Supplies - Binders & Binding
Paper, 100 Sheets, 11"x8°1/2” [..] Systems - Binder Accessories

Recommendations with the target items’s category made more specific:
Office € School Supplies - Staplers € Punches - Staples

Rank ‘ Title ‘ Category

1 Arrow Fastener 506 Genuine T50 3/8- | Office & School Supplies - Staplers & Punches
Inch Staples, 1250-Pack

2 Swingline Staples, S.F. 4, Premium, | Office & School Supplies - Staplers & Punches
1/4” Length, 210/Strip, 5000/Box, 1
Box (35450)

3 Swingline Staples, Standard, 1/4” | Office & School Supplies - Staplers & Punches
Length, 210/Strip, 5000/Box, 5 Pack

4 Swingline Staples, Standard, 1/4” | Office & School Supplies - Staplers & Punches
Length, 210/Strip, 5000/Box, 1 Box

5 Arrow Fastener 224 Genuine P22 1/4- | Office & School Supplies - Staplers & Punches
Inch Staples, 5,050-Pack

Table 8.15: Top 5 recommendations generated for the user in table 8.11, comparing us-
ing broadened categories and more precise categories as critiquing commands. Note that
the precise critique was not seen during training, but Flare leveraged the more specific
information to retrieve relevant items.
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Method Recall@5 Recall@l0 nDCG@10 MRR

Flare 0.142 0.148 0.138 0.136
w/o Text 0.138 0.143 0.134 0.133
w/o Perceiver 0.140 0.145 0.135 0.133
w/o Bidirectional Masking 0.131 0.134 0.128 0.126
w/o Contrastive Loss 0.134 0.145 0.136 0.134
w/o Duplicates 0.140 0.146 0.136 0.134

Table 8.16: Flare ablation study using the Clothing dataset.

despite the evaluation always masking the last item. We suspect that bidirectional masking
reinforces the model’s ability to leverage signals across the sequence. Furthermore, we note
that bidirectional masking can be a more demanding training task, as multiple items may
be masked in a sequence rather than just the last item. Finally, we evaluate the impact
of removing duplicates from the user’s sequence and find that the model’s performance
does not decrease significantly. This provides confidence that the model’s performance is
unlikely to be attributable to copying previous items in the sequence.

8.3 Conclusion and Future Work

We introduce Flare, a hybrid recommender model that integrates item IDs with contextual
text. In Bert4Rec*, we tune Bert4dRec and demonstrate that the tuned model outperforms
previous Bert4Rec baselines and state-of-the-art models on two datasets. Flare shows
additional performance gains over the new Bert4Rec* baseline, suggesting a benefit to
hybrid recommenders. We also extend existing benchmarks by introducing a baseline
for larger-item-count domains, where Flare outperforms the Bert4dRec* and Recformer
baselines. We believe these results may serve as new baselines for future work.

Our results suggest that hybrid methods that incorporate both direct item represen-
tations and item contexts, such as text, are a promising approach for improving recom-
mendation quality. Regarding text, one area for future work is to investigate the impact
of different types of language models and their fine-tuning strategies on recommendation
performance when used to encode text metadata. Another consideration is the substantial
memory cost of ID-embedding tables at scale. Extending models to handle large vocabu-
laries beyond the datasets used in this chapter may be considerably challenging. We plan
to focus on the impact of different vocabulary sizes and to investigate new techniques for
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handling larger item counts.

Finally, we propose using critiquing as an evaluation methodology to assess how well
a model interprets and responds to textual critique strings. Though using the category
feature in the Amazon Product Reviews dataset as a proxy for a user-supplied critique is
arguably contrived, we view it as a modest step towards natural-language critiquing that
might occur in a conversational recommender. We plan to expand the methodology to
incorporate additional natural-language critiques in future work.
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Part 1V

Putting Everything into Context

134



Chapter 9

Common Bonds and Future
Directions

In this chapter, we explore common directions for future work that apply to all of the
proposed solutions introduced in this thesis. In particular, we focus on two common
directions: the need for data that covers all required modalities of context (section 9.1)
and the computational intensity of processing those modalities (section 9.2). In both
directions, we propose potential paths uniquely enabled by our solutions’ ability to tap
into the macro-level context.

9.1 Addressing Data Sparsity through Pre-Training

A significant limitation of our proposed solutions is their reliance on fine-tuning to learn
how to interpret their domain-specific macro-context (i.e. learning to capture context).
In Discussion Transformers (chapter 4) and FedFormer (chapter 6), the ability to incor-
porate context is enabled by fine-tuning a macro-level transformer model. Similarly, in
Flare (chapter 8), macro-level context is learned by refining item collaborative filtering
embeddings across user sequences, ensuring that they are complementary with text-based
content embeddings.

An inherent consequence of fine-tuning models to interpret context is that the avail-
ability of high-quality data is a limiting factor. For instance, in Discussion Transformers
(chapter 4), we trained our models on human-annotated hate-speech examples. However,
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social media platform owners are intrinsically motivated to remove such examples of abu-
sive behaviour that appear on their platforms. This, in turn, causes a cat-and-mouse game
in which high-quality labelled data is increasingly deleted, reducing the size of available
datasets for training. Further, even if data is available, expert-level human annotation
remains a time-consuming and expensive process. Datasets like our proposed HatefulDis-
cussions (section 4.1.3), with ~ 27,000 labelled discussions, are much smaller than those
in other domains and exemplify this scarcity, potentially hindering the mDT’s ability to
learn to interpret complex conversational dynamics effectively.

Data scarcity also affects hybrid recommenders like Flare (chapter 8). Recommendation
datasets are often sparse, with the number of observed user-item interactions per item being
much smaller than the total set of possible interactions. Indeed, in Flare, we observed
that our performance was weakest in the Scientific domain, containing ~ 5 000 items
and ~ 10 000 users, compared with our best domain, Pets, containing ~ 38 000 items
and =~ 47 569 users (section 8.2.2). We hypothesize that this drop in performance was
due to insufficient training on unpopular items, leading to under-refined macro-context

information when processing sequences containing those items (the “cold start” problem)
[Li et al., 2023, Hou et al., 2018, Bobadilla et al., 2012].

Our insights across the three core chapters of this thesis (Discussion Transformers
in chapter 4, FedFormer in chapter 6, and Flare in chapter 8) highlight the challenges
of creating robust mechanisms to incorporate context in low-data environments. In this
section, we explore the use of unsupervised pre-training (section 2.3.2) to address the
common issue of data sparsity.

9.1.1 Pre-Training for Discussion Transformers
Background: Pre-training for Graph Neural Networks

Pre-training has been explored to enhance Graph Neural Networks (GNNs), with applica-
tions primarily in chemistry and recommender systems. While generalizable pre-training
tasks for natural language models are somewhat intuitive (i.e. masked language mod-
elling to learn language semantics), designing a task for Graph Neural Networks is more
nebulous. Indeed, many early works on GNN pre-training exhibited negative transfer, in
which pre-training harmed performance on the downstream task [Rosenstein et al., 2005].
A key theory of negative transfer is the misconception that semantic-domain similarity
between pre-training and the downstream task implies transferability. For example, Hu
et al. [2020a] found that pre-training by predicting general chemical properties using the
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ChEMBL dataset [Zdrazil et al., 2024] (= 456, 000 molecules) resulted in negative transfer
on two different downstream tasks (Clintox and HIV from MoleculeNet [Wu et al., 2018]).
Similarly, Donabauer and Kruschwitz [2024] attempted to pre-train a GNN for fake news
detection by first predicting a node’s number of retweets, but found that this pre-training
task led to negative transfer.

Due to the risk of negative transfer, many recent works have focused on domain-agnostic
generative and contrastive pre-training tasks, building on ideas from NLP (section 2.3.2).
Generative tasks in GNNs task the model to reconstruct masked nodes or edges from the
original graph, analogous to masked language modelling in NLP (section 2.3.2). Here, node
masking requires the model to reconstruct masked nodes by minimizing an L2 loss between
the reconstructed and original representations, akin to a variational autoencoder (VAE)
Hu et al. [2020b], Kipf and Welling [2016]. Conversely, edge-level masking removes edges
from the original graph and requires the model to classify whether two nodes are intended
to be connected. Models that are successful at these tasks must learn to create compressed
representations of nodes that capture essential structural and semantic properties. In
other words, focus primarily on refining individual node and edge features, often learning
expressive local structures [Wang et al., 2024].

On the other hand, contrastive tasks focus on refining graph-level skills by tasking the
model to recognize whole-graph permutations that originate from the same input graph. A
seminal paper on graph-level permutations is GraphCL [You et al., 2020], which introduces
four types of graph permutations: node dropping, edge perturbation, attribute masking,
and subgraph sampling. Node dropping randomly removes a fraction of nodes from the
graph. Edge perturbation randomly adds or removes a fraction of edges. Attribute masking
randomly masks a fraction of node attributes/features. Finally, subgraph sampling selects
a subgraph from the original graph by performing a random walk. Applying two of these
augmentations to the same graph yields two correlated views, treated as positive pairs.
A GNN encoder is then trained to produce similar embeddings for these two views (the
positive pair) and dissimilar embeddings for views generated from other graphs in the
batch (negative pairs), typically using a contrastive loss function like InfoNCE (equation
2.9) [You et al., 2020]. As such, graph contrastive tasks can be viewed as analogous to
next-sentence prediction tasks in NLP, with graph permutations replacing sentences.

Indeed, recent work by Wang et al. [2024] has demonstrated that generative and con-
trastive tasks are complementary, capturing different aspects of graph information. This
has motivated hybrid pre-training strategies that combine local generative tasks and global
contrastive tasks. In Wang et al. [2024], the authors incorporate both tasks by using two
output-prediction networks atop the same GNN, one for each task, thereby enabling GC-
MAE to learn rich local details and discriminative global representations simultaneously.
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Ideas for Discussion Transformer Pre-training

Section 9.1.1 outlines many guiding principles for graph pre-training. In particular, we
defined the risk for negative transfer in GNNs. Indeed, the spectre of negative transfer also
looms over discussion transformers, as we encountered in our preliminary studies exploring
pre-training on Reddit discussions to predict subreddit clusters. However, insights from
domain-agnostic generative and contrastive graph pre-training tasks inspire us to envision
potential pre-training tasks for Graph Transformers applied to social media discussions.

Starting with generative tasks, it would be possible to extend node- and edge-masking
pre-training to discussion transformers. Edge-level masking would require a discussion
transformer to classify whether a comment is a reply to another comment, thereby empha-
sizing conversational awareness. Conversely, node-level masking would require a discussion
transformer to reconstruct masked comments within a discussion tree, leveraging the con-
text of surrounding discussions. However, both tasks face domain-specific challenges in
social media discussions. On edge-level “is a reply” classification, it is feasible that a given
reply for one comment might be equally possible for another. For example, the reply “I
agree” would apply to any comment expressing an opinion. A potential workaround for
this issue is to retain all edges in the graph, thereby removing the edge-masking component
from the original formulation [You et al., 2020]. This would simplify the task of classifying
whether two comments are physically in response to each other in the input discussion
graph. While this would be a trivial task using a graph neural network, as node repre-
sentations are inherently a function of their neighbours [Velickovi¢ et al., 2017, Fey and
Lenssen, 2019, Hamilton et al., 2017, Chen et al., 2018], the same cannot be said for graph
transformers, which rely on learned positional encodings to encode structure [Ying et al.,
2021]. As a result, the edge-level task would refine the discussion transformer positional
encodings to capture the discussion’s structure more expressively.

In node-level comment reconstruction tasks, it is vital to recognize the difference in
information density between multimodal text embeddings and atom embeddings. Using
RDKit, an industry-standard library for retrieving chemical properties and subsequently
used by many works that implement node-masking pre-training for molecular GNNs, an
atom is often described by its atomic number, chirality tag, and the type and direction of its
bonds, totalling four features each with a constrained set of possible values !. Comments, on
the other hand, are comprised of unbounded language and carry virtually limitless semantic
possibilities, especially when you consider the possibility of multimodality with images. As

'We make careful note that while individual atoms have limited descriptors, molecules as a whole
have many more descriptive features that more accurately describe the role of individual atoms. For the
purposes of describing node reconstruction, we focus on comparing the features of individual atoms
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a result, we hypothesize that reconstructing a dense comment representation would be
many orders of magnitude more difficult than reconstructing a sparse atom embedding.
That said, more robust and capable graph transformers may be able to reconstruct dense
comment representations, which we leave for future work.

Next, we turn our attention to contrastive tasks. Likewise, we can define logical ex-
tensions of GraphCL [You et al., 2020] contrastive pre-training tasks for social discussion
pre-training. To construct discussion permutations, we can trivially adopt node dropping
and edge permutations from GraphCL to comments and reply connections, respectively.
Because we use dense comment embeddings to seed node representations, attribute masking
is unsuitable for our use case. Subgraph sampling also requires more creative adaptations
to discussion transformers, since discussions are organized as hierarchical trees rather than
rotation-invariant graphs. Rather than using a random walk to sample subgraphs, a more
discussion-aware approach is to sample branches in the discussion stemming from the root
post (i.e., different discussions that originate from the same common point). The root post
could optionally be removed from each sampled branch to prevent the answer from leaking.

One additional factor in constructing a pre-training task is the data used for unsu-
pervised training, which we believe also offers opportunities for creative, discussion-aware
solutions. While one approach would be to capture all discussions on a social platform in
a single dataset, akin to large-scale LLM pre-training [Radford et al., 2018, Raffel et al.,
2020], we believe that careful data curation could also enable Discussion Transformers to
learn diverse community norms. For instance, to succeed on discussion-level contrastive
tasks, we hypothesize that Discussion Transformer models must understand the values and
social norms of the community in which the conversation took place. Therefore, by en-
suring a representative, diverse sample of discussions from a wide range of communities,
we can build a final model that is sensitive to multiple viewpoints and reduces bias. For
example, ensuring that representative conversations from both sides of the political spec-
trum are included during pre-training may enable the model to capture signals that help it
comprehend political discourse. We believe that learning from a wide variety of community
norms can, in turn, benefit downstream tasks, such as hate speech detection.

9.1.2 Pre-Training for Hybrid Recommenders

Background: Pre-training for Sequential Recommenders

Next, we explore applications of pre-training to enhance sequential recommender sys-
tems. Pre-training has been widely adopted in sequential recommender systems as a self-
supervised learning paradigm to address data sparsity and the cold-start problem. Similar
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to NLP pre-training, pre-training tasks for sequential recommenders can be broadly cat-
egorized as either generative, which learn to reconstruct user interactions, or contrastive,
which learn to discriminate between similar and dissimilar views of user sequences.

Seminal generative tasks were directly inspired by the masked language modelling task
(MLM) in NLP (section 2.3.2). An influential example is the Masked Item Prediction
(MIP) task, introduced in BERT4Rec [Sun et al., 2019], which we also adapted in Flare
(see chapter 8). This approach randomly masks a percentage of items in a user’s interaction
history and trains a bidirectional Transformer model to predict the original items using
both past and future context. Note that this differs from strictly training to predict the
next item for a user, as explored in SASRec [Kang and McAuley, 2018]|. For example,
given a user history consisting of items [ay, as, as, as], MIP could create training examples
[a1, mask, as, ay| and [ay, az, mask, a4, and task the model to predict the masked item in
each sequence. By learning to reconstruct the sequence from bidirectional context, the
model develops a rich, contextualized understanding of item relationships, which it then
uses to predict the future next item (as) during inference.

By contrast, contrastive tasks learn representations by discriminating between aug-
mented views of user interaction sequences. Similar to GraphCL for GNNs [You et al.,
2020], CL4SRec (Contrastive Learning for Sequential Recommendation) proposes apply-
ing stochastic data augmentations to create two correlated “views” of the same sequence
[Xie et al., 2022]. Examples of stochastic data augmentations include random cropping,
masking, or item reordering. The model is then trained with a contrastive loss, such as
the InfoNCE loss (equation 2.9, Oord et al. [2018]), to pull the representations of positive
views together in the embedding space while pushing them apart from negative pairs (i.e.,
augmented sequences from other users).

Perhaps most relevant to our work in Flare (chapter 8) is work that uses LLMs to guide
both paradigms toward more semantically intelligent objectives. In the generative domain,
the focus is shifting from reconstructing item IDs to predicting more semantically nuanced
outputs. For example, Latent Relation Discovery (LRD) [Yang et al., 2024] moves away
from predicting masked IDs and instead predicts latent, unobserved relationships between
items. In essence, LRD aims to align the probability of relationship plausibility generated
by an LLM from item text with that generated directly from item ID embeddings. An-
other relevant direction is P5 (Pretrain, Personalized Prompt & Predict Paradigm) [Geng
et al., 2022], which formulates recommendation tasks as text-generation problems inspired
by T5 [Raffel et al., 2020], which does the same for text classification. Through this for-
mulation, the authors pretrain on a wide range of recommendation tasks, including rating
prediction, review summarization, direct recommendation, and sequential recommendation
[Geng et al., 2022].
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Similarly, LLMs are being used to mitigate the semantic blindness of synthetic aug-
mentations in contrastive tasks. Due to the in-batch nature of InfoNCE contrastive losses,
the richness of the learning signals depends on the difficulty of the examples selected in the
batch [Oord et al., 2018]. As a result, poor selection of negatives can degrade performance.
To this end, SRA-CL leverages LLMs’ semantic awareness to generate more challenging
augmentations and contrastive pairs [Cui et al., 2025]. Semantic-aware augmentations in-
clude leveraging semantic similarity between items to select informative replacements and
selecting users with semantically related histories for intra-user contrastive learning [Cui
et al., 2025].

Ideas for Hybrid Recommender Pre-Training

The principles of pre-training in sequential recommendation offer a clear path to address
the data scarcity challenges identified for Flare. As we hypothesized earlier in this section,
the performance degradation observed in low-data domains is likely due to under-refined
macro-level collaborative filtering embeddings for less popular items. By leveraging large,
unlabeled corpora of user interaction data, we can pre-train Flare to be more robust before
fine-tuning on a specific downstream domain. Indeed, most of the tasks explored in the
previous section can be directly applied to Flare. For instance, it would be possible to
apply sequence-level contrastive tasks, such as those proposed in CL4Srec and SRA-CL,
to refine the robustness of macro-level ID embeddings [Cui et al., 2025, Xie et al., 2022].

Perhaps most interesting for future work would be to explore pre-training tasks that
leverage Flare’s unique ability to process user intent critique commands, in addition to
collaborative filtering and content signals. That is, leveraging that items in Flare are
represented as item; = (I D, text, critique) tuples, where the critique string is a semantic
instruction linking item; — item; ;. We hypothesize that tasks that manipulate critique
strings can elicit more user-aware, semantically rich representations of items and better
adherence to critique instructions. Towards this goal, we propose two pre-training tasks
that utilize critique information, extending generative and contrastive tasks, respectively.

Starting with generative tasks, a potential application of generative pre-training is
reconstructing critique strings rather than item IDs. Given a user’s full interaction history
and a target item the user interacted with, the model would be tasked with predicting or
reconstructing the critique text that likely motivated that choice. For example, given a
user history of “[laptop, mouse|” and a target item of webcam, the model would be trained
to reconstruct the plausible critique “office supplies for video calls.” Similar to LRD [Yang
et al., 2024], this task moves beyond simple item-item relationships and requires the model
to learn the latent semantic intent that links a user’s macro-level history to a specific future
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choice. This task could be formulated via text generation, as explored in REGEN [Sayana
et al., 2025], or by having the model select from a set of possible critique strings.

Next, we can design a contrastive pre-training task that leverages critiques to create
contrastive views. Specifically, we can use a pre-trained Large Language Model (LLM)
to generate semantically aware substitutions for critique strings, constructing the positive
and negative views of a user sequence required for the contrastive objective. For instance,
a positive pair would consist of two views of the same user sequence with semantically
equivalent yet textually different critiques, such as a paraphrase generated by an LLM (e.g.,
“cheap running shoes” becoming “affordable athletic footwear”). Conversely, hard negative
pairs would be constructed using critiques that are semantically related but distinct (e.g.,
“expensive hiking boots”) or antonyms. The contrastive objective would then train Flare
to produce similar representations for the positive pairs while maximizing the distance to
the negative pairs. Such a task would explicitly pre-train the model to be sensitive to the
nuances of natural language, thereby improving its ability to differentiate between subtly
different user requests during fine-tuning and inference.

9.2 Addressing Latency by Leveraging the Context of
Context

In this thesis, we have argued that including additional macro-context can yield several
benefits, such as reducing the risk of ambiguous and misinformed decisions. However, it
is also essential to recognize that including auxiliary information increases the amount of
data a model must process to make a decision. As a result, many of the methods proposed
in this thesis incur additional latency compared to their non-contextual counterparts. For
example, in Chapter 4, we proposed discussion transformers that add context by encoding
all other comments in discussions, including their images, and aggregating them using
a graph transformer model. Similarly, in chapter 6, we proposed aggregating g-value
representations of federated agents using a transformer model.

Despite the promise of macro-context, the additional computational overhead may limit
its adoption among platform owners and practitioners. In this section, we explore two pos-
sible directions for using metadata about context (i.e., the context of context) to accelerate
model inference and reduce memory requirements. First, we explore the use of temporal
metadata to enable causal attention and KV caching, with applications to Discussion
Transformers (chapter 4) and Flare (chapter 8). Then, we explore applications of using
pre-emptive context-based gating to reduce the input size of FedFormer’s federation trans-
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former (chapter 6), drawing inspiration from the mixture-of-experts architecture [Fedus
et al., 2022].

9.2.1 Casual KV Caching Through Context Metadata

A primary challenge in deploying macro-context aware Transformer models is the high
computational cost of bidirectional re-inference in dynamic, interactive scenarios. This is-
sue is particularly salient in two domains explored in this thesis: the real-time moderation
of online discussions (Discussion Transformers in chapter 4) and interactive recommenda-
tion sessions (Flare in chapter 8). For Discussion Transformers, every additional comment
requires a full re-computation of the entire discussion graph. Similarly, for Flare, each
user-critique iteration (e.g., a user browsing different product categories) would require
recomputing their historical sequence to incorporate the query.

In both cases, the model’s reliance on non-causal, all-to-all attention is a double-edged
sword. On the one hand, all-to-all attention enables the model to continuously reassess
prior predictions in light of new evidence, such as a community’s post hoc reactions to a
comment (e.g., replies), or to recontextualize items toward new intents, thereby motivating
its use in this thesis. On the other hand, recomputation incurs increasingly prohibitive
latency costs as the input sequence increases, making real-time computation infeasible at
scale.

To address this challenge, we can draw inspiration from a similar problem solved in
generative natural language processing. In Large Language Models (LLMs), text gener-
ation is performed auto-regressively, where tokens are generated one at a time [Vaswani
et al.,, 2017]. This left-to-right nature of text generation is exploited to accelerate infer-
ence through causal attention and Key-Value (KV) caching. In a causal setup, a token
can only attend to tokens that appeared before it. In the causal self-attention mechanism
[Vaswani et al., 2017], each token produces a Query (Q), a Key (K), and a Value (V)
vector. The current token’s Query is used to score its relevance against the Keys of all
previous tokens, and these scores are used to compute a weighted sum of the Values from
those previous tokens, yielding a new token representation. However, since the Keys and
Values of past tokens do not change when a new token is generated in a causal setup,
they can be pre-computed and stored in a cache. Therefore, at each new step, the model
only needs to compute the Q, K, and V vectors for the single new token and compare its
Q against the entire history of cached Ks and Vs [Vaswani et al.; 2017]. This avoids the
costly re-computation of Keys and Values for the whole sequence at every step.

A promising direction for future work is to adapt this causal paradigm to our proposed
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approaches by incorporating temporal information. This would involve modifying the
attention mechanism to be strictly causal, such that each element attends only to elements
created chronologically earlier. With this temporal constraint, KV caching can be applied
directly. In discussion transformers, this would involve constraining attention such that
each comment attends only to previous comments. Then, as new comments arrive, their
representations can be computed efficiently by reusing the cached Key and Value tensors
from prior comments, thereby drastically reducing inference latency. Similarly, in Flare,
the Ks and Vs of the user sequence can be cached so that recomputation of new critique
strings would only require updating the Qs for the latest item.

The causal approach, however, entails a significant trade-off: it would achieve much
faster inference but lose the ability to perform holistic, post hoc analysis of future con-
tent, such as replies. An important avenue for future research will be to quantify this
speed-versus-accuracy trade-off and, perhaps, explore hybrid architectures that leverage
caching for initial, rapid assessments while periodically performing a complete, holistic
re-evaluation.

9.2.2 Mixture-of-Federated Agents to Accelerate Federation
Transformers

Another challenge facing macro-context-aware transformers is that the computational com-
plexity of their attention mechanism scales quadratically with sequence length [Vaswani
et al., 2017]. While manageable for smaller sequences, this O(n?) complexity incurs signif-
icant latency as the number of embeddings, such as those containing macro-level context,
increases. In particular, this bottleneck can limit FedFormer’s applicability to scenarios
involving hundreds or thousands of agents, such as large-scale [oT networks or fleets of au-
tonomous vehicles. Each agent would need to compute attention scores against every other
agent in the network at every time step, leading to prohibitive latency and computational
costs as the federation grows.

To overcome this scaling challenge, a promising direction is to adapt the Mixture-of-
Experts (MoE) paradigm, which has proven highly effective in scaling Large Language
Models to trillions of parameters while maintaining computational efficiency [Fedus et al.,
2022]. The core principle of MoE is to replace a single, dense network with a collection of
smaller “expert” sub-networks and a lightweight “gating network” or router. For a given
input, the gating network dynamically selects a sparse subset of the most relevant experts
(typically the top one or two) to process it, based on the input itself [Fedus et al., 2022].
This decouples the model’s total size from its per-inference computational cost, since only
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a small fraction of its parameters are activated for any given input. In practice, MoE is
applied per block to decompose the computationally expensive feedforward layer into a set
of smaller expert layers [Fedus et al., 2022].

We propose adapting this paradigm to FedFormer by re-framing the inter-agent feder-
ation process as an expert selection problem. In this new architecture, each agent in the
federation would be treated as an “expert” on its own local environment. A new, small
gating network would be added to each agent. At each time step, an agent would first
compute an embedding of its current state or observation (the initial ¢-value embedding).
This embedding would then be passed to the local gating network, which would output a
set of scores indicating the predicted relevance of each other agent in the federation to the
agent’s specific context. Instead of attending to all other agents, the agent would attend
only to the sparse set of top-k agents selected by its gating network. Note that our appli-
cation differs from standard MoE, which is applied on a per-layer basis, by instead gating
at the input level [Fedus et al., 2022].

This MoE-based approach to federation would yield two benefits. First, it would break
the quadratic scaling barrier, enabling FedFormer to scale to large federations with thou-
sands of agents while maintaining a low, constant per-agent computational cost. Second, it
could lead to superior performance by encouraging specialization and reducing noise. The
gating network could learn sophisticated, context-dependent routing policies, for instance,
learning that an agent navigating a dense urban environment should primarily consult
other “city experts” while completely ignoring irrelevant information from “highway ex-
perts.” This would create a more dynamic, efficient, and intelligent federation in which
agents selectively collaborate with the most relevant peers. A key research challenge for
this new paradigm is developing effective methods for training the input-level gating net-
work, for instance, to ensure that the gating network captures insights from new agents.
Still, its potential to enable truly scalable, adaptive federated intelligence makes it a critical
direction for future work.
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Chapter 10

Conclusion

This thesis began with a simple premise: that the ability to make sound judgments is
closely tied to understanding context. Consider the meaning of the word “fire”. Whether
it is an alarm, a command, or a termination notice can only be determined by considering
its surrounding context. We argued that the ability for AI models to consider macro-
level context poses a fundamental challenge, particularly when making complex decisions
in context-rich environments. This led to the guiding theory of this thesis, that the key
to designing more robust and adaptive Al systems lies in their ability to understand this
underutilized macro-level context. We demonstrated the potential for macro-level con-
text by successfully designing novel transformer-based architectures for three context-rich
environments: social media analysis (part I), federated learning (part II), and sequential
recommender systems (part I1T).

In this chapter, we will first synthesize the key contributions and findings that support
our central thesis, connecting the common threads that run through our work. We will then
discuss the broader implications of this contextual paradigm, acknowledge the limitations
of our research, and finally, offer a vision for the future of context-aware Al

10.1 Key Findings and Contributions of this Thesis

The key contributions of this thesis primarily focus on three thematic lenses: a new
paradigm for contextual modelling, architectural innovations with transformers, and criti-
cal methodological innovations to enable the research community.
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10.1.1 New Paradigm for Contextual Modelling

A core contribution of this thesis was a new perspective on how context is defined and
modelled across domains. At the outset of this thesis, we detailed how context is often
viewed through a local lens. That is, the unit of context to be aggregated is defined
as the words within a document or the pixels within an image. To broaden this lens, we
proposed redefining the unit of context within a macro-context perspective for each domain
we studied.

Starting in Discussion Transformers (chapter 4), our key insight was to extend the unit
of context beyond the content of an individual comment (micro) to the entire discussion
graph (macro). In turn, this enabled a more holistic understanding of conversational
dynamics. Our insights are guided by recognizing that the meaning of a comment is
deeply rooted in the context in which it was uttered. For instance, a comment such as
“Ew, that’s gross” can be benign in response to unsavoury-looking food, or hateful in
response to protected characteristics such as sexuality. By defining context on the macro
conversational level, we enable analysis that can disambiguate between these two cases,
reducing the risk of ambiguous decision-making. Further, discussion-level analysis opens
the door to incorporating social norms, as the model can learn how conversation dynamics
shift across communities, a capability impossible under the previous micro comment-only
paradigm.

Next, in FedFormer (chapter 6), we refactored the unit of context from blind averaging
of model weights (FedAvg, McMahan et al. [2017]) to a context-aware, selective federation
approach. We define context as the macro-level relationships among heterogeneous agents.
By learning these relationships, we enable context-dependent federation, in which an agent
can access the insights of other agents based on their current relevance. For instance, in
the hypothetical deployment of FedFormer in self-driving cars, a car agent can learn which
other agents have insights most relevant to the current environment, such as highway or
rural driving experts. In turn, we enabled faster convergence, particularly during the
onboarding of new agents to the federation network (section 6.2.4).

Finally, in Flare (chapter 8), our key insight was to extend the unit of context beyond
local textual semantics to include the macro-context of explicit user intent (via critique
instructions) and global item representations via collaborative-filtering embeddings. By
bridging local and global semantics, we enable user agency by directly steering the rec-
ommendation process based on their current intent without sacrificing recommendation
quality (section 8.2.4).
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10.1.2 New Context-Aware Architectures based on the Trans-
former

Our paradigm shift toward incorporating macro-context was enabled by innovations that
adapted the Transformer architecture. In particular, we leveraged the attention mechanism
at the heart of Transformers to adaptively incorporate insights from macro-level sources.
We did this through our non-trivial innovations, building on Graph Transformers [Ying
et al., 2021] and Perceiver Transformers [Jaegle et al., 2021], as well as our novel application
of transformers as a contextual federation mechanism.

A core contribution of Discussion Transformers (chapter 4) was our novel application
of Graph Transformers [Ying et al., 2021], which had previously been used in chemistry,
to model the hierarchical structure of conversations. With Discussion Transformers, we
aimed to incorporate not only the content of other comments but also their organization.
Our key insight for enabling this approach was recognizing the conceptual similarities
between molecules and conversations, where comments and their connections can be rep-
resented as atoms and bonds. This framework led us to adapt the expressive power of
Graph Transformers from modelling molecular relationships between atoms to modelling
semantic relationships between comments. We introduced hierarchical positional encodings
(section 4.1.2) and rich multimodal node representations (section 4.1.2) to better adapt
this molecular framework to discussions.

Next, our work on FedFormer (chapter 6) introduced a new use case for the Trans-
former’s attention mechanism, repurposing it as a dynamic, contextual federation mecha-
nism. The central weakness of traditional Federated Averaging that FedFormer addresses
is its static, context-blind aggregation. This limitation is particularly detrimental in het-
erogeneous environments, where not all participating agents are equally relevant to one
another at all times. In such settings, simple averaging of models can yield a suboptimal,
one-size-fits-all agent that performs worse than specialized agents would have individually.
To address this, we adapt the Transformer architecture by treating the federated learning
process as a contextual aggregation problem (Section 6.1). In our framework, the current
agent’s state serves as the Query, while the other agents’ federated interpretations of that
same state serve as the Keys and Values. The attention mechanism then computes a new
state encoding as a weighted sum of the other agents’ insights, with the weights dynam-
ically determined by the relevance of each peer’s “Key” to the current agent’s “Query.”
This transforms federation from a simple averaging process into a sophisticated, on-the-fly
contextual aggregation, enabling each agent to selectively draw knowledge from the most
relevant peers for its immediate context.

Finally, in Flare (Chapter 8), we addressed the architectural challenge of fusing multi-
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ple modalities, each representing a different source of context, within a hybrid sequential
recommender. The goal was to integrate two fundamentally different types of informa-
tion: the sparse, high-cardinality embeddings from collaborative filtering and the dense,
semantic embeddings from textual context. Notably, the textual context encompasses not
only static item descriptions but also dynamic, user-provided critiques, which represent
an explicit form of macro-level intent (section 8.2.4). All of this had to be achieved while
preserving the sequential nature of the user’s interaction history. Recognizing that naive
methods such as simple addition or concatenation are suboptimal because they risk losing
the fine-grained intricacies of each modality, our architectural innovation was to adapt
the Perceiver network as a sophisticated fusion module (section 8.1.2). The Perceiver is
uniquely suited for this task, as it is designed to distill large, multimodal inputs into a
learnable latent representation [Jaegle et al., 2021]. We use this mechanism as a learned
information bottleneck, forcing the model to synthesize distinct collaborative and seman-
tic signals into a single, unified, and context-aware representation for each item in the
sequence.

10.1.3 Methodological and Empirical Contributions

Beyond proposing novel architectures, this thesis made a series of methodological and
empirical contributions, providing new datasets, baselines, and evaluation paradigms to
enable further exploration of macro-context models. These contributions aim to bridge the
methodological gap between non-contextual and macro-contextual approaches and to offer
avenues for evaluating the impact of context.

A foundational contribution of our study of online discourse was the curation of the
HatefulDiscussions dataset (section 4.1.3). Before this work, hate speech detection re-
search was predominantly constrained by datasets that consisted almost exclusively of
isolated, text-only comments. This data scarcity effectively rendered the larger macro-
context of conversational structure and visual media invisible to researchers. By aggre-
gating thousands of complete, multimodal discussion trees, HatefulDiscussions provides
a robust testbed for holistic analysis of abusive behaviours. Notably, our curation of
HatefulDiscussion includes not only a broad spectrum of hateful behaviour (ranging from
person-directed abuse to slurs to affiliation abuse), but also instances of conduct where
context is necessary for disambiguation (table 4.2). This can be best seen in our incorpo-
ration of non-derogatory slurs, historically hateful slurs which have been re-appropriated
by minority groups, which often lead to false positives by text-only comment models (as
seen through our extensive qualitative study in section 3.5). We believe that HatefulDis-
cussions can not only advance Discussion Transformers but also do so equitably, covering
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the diverse spectrum of hateful behaviour.

In recommender systems, we conducted a rigorous re-evaluation of ID-only baselines
to investigate their performance at larger model scales. Our study was motivated by the
recent trend towards text-only architectures, which often leverage Large Language Mod-
els (LLMs) and forgo collaborative filtering embeddings entirely. However, we observed a
growing disparity in model capacity between these two approaches. Namely, we observe
that as the scale of LLMs continues to increase (often reaching multiple billion parame-
ters), these text-only methods now contain several orders of magnitude more parameters
than the diminutive ID-only baselines used to justify their performance. This motivated
our contribution of Bert4dRec*, a thoroughly tuned and scaled version of the Bert4Rec
architecture [Sun et al., 2019], designed to be more comparable in size to contemporary
models. Our empirical findings demonstrate that ID-only model performance improves
dramatically as model capacity increases, achieving significantly higher performance than
previous ID-only benchmarks and even establishing competitive results with modern text-
only baselines (section 8.2.2). Beyond motivating our work with Flare, our contribution
of Bert4Rec* can serve as a robust ID-only baseline for future work, enabling researchers
exploring hybrid recommenders to perform a more principled ablation study measuring the
actual additive value of incorporating text.

Another significant contribution of this thesis is the establishment of critiquing as a
new evaluation paradigm explicitly designed for hybrid recommenders (section 8.2.4). In
developing Flare, we incorporated macro-level user intent as a distinct input modality,
with the explicit goal of enabling user-guided recommendations. However, validating this
capability revealed the limitations of standard retrieval metrics such as recall and precision.
These metrics are inherently rigid, evaluating success solely on whether a predicted item
exactly matches the ground truth next item in a sequence. Consequently, they fail to
account for semantic proximity (e.g., red vs. blue Adidas shoes) or to verify whether the
model effectively used the provided intent, rather than merely extrapolating from other
features. To address this methodological gap, we proposed permuted critiquing as a formal
evaluation task, quantified through our novel Cat-nDCG metric (section 8.2.4). At a high
level, this approach leverages the hierarchical category structure of the Amazon Product
Reviews dataset to generate permuted user intent strings. We then adapted the standard
nDCG formulation to define relevance not as a binary ground-truth match, but as a graded
function of the overlap between a retrieved item’s categories and the specific intent string
(ranging from 1 to 4). The result is a nuanced evaluation framework that shifts the focus
from passive prediction to active adherence, offering a robust measure of a model’s capacity
to understand and act upon the macro-context of explicit, dynamic user intent.
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10.2 Limitations

While this thesis presents a significant conceptual and architectural step towards macro-
context aware models, it is essential to acknowledge the limitations of our current work.
These limitations do not undermine the findings but rather illuminate clear and necessary
pathways for future research.

A primary limitation of the architectures proposed in this thesis is computational scala-
bility. The non-causal, all-to-all attention mechanisms central to Discussion Transformers,
FedFormer, and Flare incur a computational cost that scales quadratically with the size of
the context window (i.e., the number of comments, agents, or items) [Vaswani et al., 2017].
While effective for the scale of data examined in our experiments, this complexity creates a
bottleneck for real-time deployment in massive-scale systems. To address this, future work
must focus on efficiency. As discussed in section 9.2.2, we propose adapting the gating
mechanism of Mixture-of-Experts (MoE) to FedFormer to break the quadratic scaling bar-
rier in large agent networks [Fedus et al., 2022]. Similarly, for time-sensitive applications
like real-time discussion moderation and interactive hybrid recommendation, implement-
ing causal attention to enable Key-Value (KV) caching for Discussion Transformers and
Flare offers a promising avenue to achieve low-latency inference without sacrificing the
benefits of Transformer-based modelling (section 9.2.1). We note that context in these
domains is intrinsically temporal, offering a natural avenue for causal masking grounded
in the contextual information it uses.

Second, our approach to modelling macro-context is heavily dependent on data avail-
ability and quality. While our models have demonstrated effective performance, their po-
tential is currently constrained by the reliance on supervised learning to capture context.
This necessitates labelled datasets that explicitly contain the necessary macro-contextual
elements, such as complete discussion trees or aligned user-critique pairs. This require-
ment becomes a significant bottleneck in data-sparse domains such as hate speech detec-
tion, where high-quality datasets that include all requisite modalities—text, images, and
conversational structure—are rare and, due to platform moderation, increasingly shrink-
ing. To address this, section 9.1 outlined a vision for extending unsupervised pre-training
to effectively learn macro-context before fine-tuning. By employing a general framework
of complementary generative and contrastive tasks, models can learn how to understand
these complex contextual structures without relying solely on scarce labelled data. Fur-
thermore, we emphasize the potential of this pre-training paradigm to capture a diverse
range of behaviours and norms, extending beyond the narrow distribution often present in
task-specific fine-tuning data. By carefully curating diverse pre-training curricula, we can
create models that are not only more robust to data sparsity in downstream tasks but also
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more equitable and representative of diverse user populations.

Third, although we validated our models on rigorous and challenging benchmarks, the
question of generalizability across diverse platforms remains an open frontier. Our archi-
tectures were optimized and evaluated within specific structural contexts: the branching
discussion trees of Reddit, the e-commerce domain of Amazon [Ni et al., 2019], and the
robotic manipulation tasks of the Meta-World benchmark [Yu et al., 2020]. We note that
while our proposed architectures for modelling macro-context are transferable, their suc-
cessful application to other domains may require additional innovations to address unique
environmental characteristics. For instance, social discourse manifests in varied shapes,
from the linear, short-form nature of X (formerly Twitter) to the visual-first interactions
of TikTok, each presenting distinct challenges and interaction patterns. Similarly, agen-
tic federation in long-horizon domains, such as autonomous driving, introduces temporal
complexities that differ significantly from those in episodic manipulation and may require
specific adaptations to the FedFormer architecture. Future work should therefore extend
the macro-context paradigm to these domains by exploring the domain-specific innovations
required to capture their respective contextual nuances effectively.

Finally, we acknowledge the gap between the specific macro-context we explored and
the sheer complexity of the real world. Our implementation of “critiquing” in Flare, for
instance, relied on structured category data (e.g., “Office Products - Printers”) to sim-
ulate user-provided instructions. While this served as a valid proxy for establishing the
methodology and enabled our instructional-following evaluation paradigm, natural lan-
guage human intent is often far messier, nuanced, and contradictory. Users may not know
precisely what they want, or they may express it in vague language. Future research must
move beyond structured proxies to handle truly open-ended natural language interactions,
developing systems capable of engaging in a dialogue to clarify ambiguous intent [Hebert
et al., 2024b, Sayana et al., 2025].

10.3 The Bigger Picture

Given the increasing impact of Artificial Intelligence, it is crucial not only to conduct
research that advances our field but also to invest in understanding the benefits our models
can deliver to individuals. In Chapter 4, we discussed how this work could improve users’
lives on social networks and other online discussion boards. We also see potential for
social good in FedFormer (Chapter 6), which enables contextual yet privacy-preserving
AT systems, and in Flare (Chapter 8), which empowers users to express their intent to
recommender systems.
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For all of these applications, we believe they offer guidance for platform owners to
adjust their systems so that these benefits can be realized. For instance, we are encouraged
that our work on discussion transformers has been recognized in research led by Reddit
on enabling community-driven models [Kairam et al., 2024]. Our work also influences
organizations that use federated learning, guiding them in building robust, data-hungry
systems without sharing private data. Perhaps the most exciting prospect lies in translating
the principles of this thesis to high-stakes domains like personalized precision medicine
[Ashley, 2016]. In this context, the macro-context lens is vital. Rather than analyzing
isolated diagnostics, our architectures could be adapted to synthesize a comprehensive
picture of a patient, including medical imaging [Carbone et al., 2025], laboratory results,
and clinical notes, into a holistic and actionable representation of patient health.

In our work, we also note our dedication to designing effective datasets and codebases!
for future model validation. We are also committed to ensuring that the broader research
community can benefit from these resources. An entire thread of our work to date has
involved collaborating with undergraduate research assistants to continuously refine and
extend the datasets we have developed, ensuring they are sufficiently broad and repre-
sentative of online behaviours (as discussed in section 9.1.1). These datasets are publicly
available for use by the broader research community. In addition to datasets, extensive
work has been done to refine and document the codebases for the topics discussed in
this thesis. We believe that these efforts can enable future work adapting our proposed
contextual paradigms.

10.4 Concluding Thoughts

In this thesis, we sought to develop Al systems that can perceive the “forest” alongside the
“trees”, to understand the broader conversation, capture relationships between agents and
incorporate user intent. Towards this goal, we focused on the Transformer architecture. We
asked ourselves, “Can we effectively ground Transformer architectures to make decisions
using broad macro-level context?” We conclude that this thesis demonstrated the potential
for this paradigm in the affirmative, enabled by our novel Transformer architectures such
as discussion-aware Graph Transformers and user intent Perceiver networks.

Looking ahead, we believe this direction is vital to the future of artificial intelligence.
Future AT models will not be defined by their ability to process data, but by their capacity

'The codebase and datasets for mDT (https://github.com/liamhebert/MDT-2) and FedFormer
(https://github.com/liamhebert/FedFormer) are open-sourced. Due to proprietary code, Flare cannot
be open-sourced.
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to develop a deeper understanding of the context in which that data exists. This thesis
represents a step towards achieving this goal, in which Al systems are not merely predictive
but also perceptive, adaptive, and truly context-aware.
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