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Abstract

This thesis investigates whether unstructured embedding spaces—such as those learned by
large language models (LLMs)—implicitly encode the structured knowledge required for
narrative understanding. Storytelling is central to human cognition and social interaction,
and by probing how AI systems process narrative structure, we gain insight into both the
capacities of these models and the contours of human intelligence itself.

The work proceeds along two primary lines of inquiry. First, I broadly survey the
research landscape, revisiting foundational claims about distributed representations in
language models and asking whether modern Transformer architectures might natively
support narrative understanding tasks. I describe key limitations that suggest current ar-
chitectures fall short of representing the deeper structures that underpin narrative mean-
ing.

Second, I ask whether LLMs encode structured patterns characteristic of human story-
telling. Through a series of controlled experiments focusing on those structured patterns
which are primarily evidenced and documented in classical texts like the Bible, I exam-
ine whether these models (1) detect internal rhetorical structures such as chiasmus, (2)
recognise cross-textual parallels, (3) surface passages grounded in shared narrative frames
rather than surface form, and (4) make analogical inferences about narratives based on
deep conceptual structure rather than lexical overlap.

Together, these investigations offer a comprehensive evaluation of whether the un-
structured embedding spaces learned by LLMs can support structured, hierarchical, and
analogical reasoning. The results shed light on the representational limits of current lan-
guage models and point toward the need for architectures that integrate narrative struc-
ture more explicitly—advancing both cognitive modelling and downstream tasks that rely
on robust, explainable meaning representations.
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1
Introduction

In 1936, Russian composer Sergei Prokofiev composed a symphony for children based upon
a simple folktale – Peter and the Wolf. In the years that followed, a slew of animated
adaptations appeared, most notably that of the Disney Corporation in 1946, whose popu-
larity was destined to fall squarely within the remit of elementary school music teachers,
like mine, who were fond of showing it for an easy Friday lesson.

In this opus, a pastoral tale unfolds in quite a peculiar way: each character in the story
is represented not by words, but by a distinct musical voice. A flute chirps ebulliently
for the bird; an oboe waddles chromatically for the duck; a clarinet slinks with feline
grace for the cat. The grandfather’s entrance is accompanied by the gruff solemnity of a
bassoon, while the wolf snarls through a cacophony of French horns. Peter himself—our
hero—prances in on a jaunty melody of light strings. The narrator’s only task in the
production is to remind us of what the music already makes clear: the story is speaking
for itself.

Each of these instrumental themes is a leitmotif—a recurring musical idea associated
with a particular character or emotion. In Prokofiev’s hands, the leitmotif becomes a
mechanism of comprehension: we do not see the grandfather admonish Peter; we hear
it, through the sudden entrance of the bassoon motif against Peter’s theme. There is no
ambiguity about what is happening, even in the absence of language. The motifs return,
recombine, and evolve, carrying the story forward.

While Peter and the Wolf renders its leitmotifs so clearly that even a child can follow
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them, the technique is widespread across long-form musical compositions—from Wagner’s
operas to the soundtracks of modern film and video games. In Howard Shore’s score for
The Lord of the Rings, for example, the gentle theme of the Shire reappears unexpectedly
in Mordor, evoking the emotional memory of a simpler world. This moment mirrors a
character’s speech about holding on to goodness in dark times. The music does not merely
accompany the narrative—it deepens and transforms it.

Just as music uses recurring structures and motifs to construct meaning, so, too, do
stories. My first scholarly introduction to this idea was in Robert Alter’s The Art of
Biblical Narrative (Alter, 2011). In this work, Alter embarks on a forensic exploration of
literary traditions long since lost to the West but preserved latently in the library of the
Biblical texts. Again and again, patriarchs meet their future wives at wells under nearly
identical circumstances, barren women receive a divine promise of children, and younger
sons are favoured above the firstborn. These so-called type-scenes—repeating narrative
structures with subtle divergences—form the scaffolding of meaning.

To the ancient audience, these formulae were as familiar as a showdown between a
sheriff and a vigilante at high noon is to us. They allowed storytellers to embed interpretive
expectations into the story itself. Much like hearing a musical motif recur in a new
context, encountering a familiar scene with a twist invites reflection, comparison, and
interpretation.

This recognition of recurrent narrative form extends far beyond Biblical literature.
Vladimir Propp’s Morphology of the Folktale (Taylor et al., 1959) famously distilled Rus-
sian fairy tales into a set of 31 narrative functions—abstract roles like “the hero leaves
home,” “the villain is punished,” or “misfortune is made known.” (see Fig. 1.1). Simi-
larly, Joseph Campbell’s The Hero with a Thousand Faces (Campbell, 1949) outlined the
archetypal “monomyth” underlying mythological narratives across many cultures. The
Aarne–Thompson–Uther (ATU) index catalogues thousands of folktale types and motifs
across time and geography.
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Figure 1.1: Propp’s 31 character functions. As presented in Jahan et al. (2021)

Taken together, these ontological, empirical frameworks show that narrative structure
is neither random nor infinitely varied. Instead, it is shaped by cultural inheritance,
cognitive economy, and communicative function. Stories evolve in form, but they do so
within limits. Certain shapes recur—not because they are clichéd, but because they are
useful.

The term I will use for this phenomenon throughout the thesis is narrative typology.
I adopt it in a dual sense: As a communicative framework, it describes how authors use
recurring narrative forms—such as type-scenes, motifs, or archetypes—to signal meaning,
evoke emotion, and structure expectation. As an interpretive framework, it describes how
readers (ancient and modern) use these forms to make sense of stories, often linking them
across time or genre.

This dual function is especially prominent in Christian typology, where earlier stories
are read as prefigurations of later events. The binding of Isaac in Genesis, for instance,
was understood by early Christian writers as a type of Christ’s crucifixion—a prelude
whose structure echoes across the testaments. This is not merely retrospective allegory;
it is a theory of how stories mean.

Narrative typology, then, is not just an aesthetic device; it is a form of reasoning.
Bruner (1986) argues that narrative is one of the two fundamental modes of human
cognition. Schank and Abelson (1979) propose that much of our everyday reasoning is
script-based: we understand events by comparing them to familiar narrative templates.
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Marvin Minsky’s frames similarly describe knowledge as structured expectations built
from experience (Minsky, 1974).

These ideas, developed decades before neural networks came into fashion, have found
empirical support in perceptual psychology and cognitive neuroscience. People recall
events better when they are remembered as part of a narrative structure (Lee and Chen,
2022). They communicate events to others in narrative form, and change the content
of that narrative based on their communicative goal (Eckardt et al., 2024; Lee et al.,
2020). Incredibly, audience and storyteller show synched neural activity patterns when
experiencing the same story (Lee et al., 2020). In short: narrative is an extant cognitive
architecture.

The field of natural language processing (NLP) has seen tremendous progress in re-
cent years, driven by the rise of deep learning and, in particular, Large Language Models
(LLMs). Models such as GPT-4, LLaMA, and Mistral have achieved astonishing fluency
on a wide range of tasks. They translate languages, summarise documents, generate po-
etry, and answer reading comprehension and factoid-related questions with ease. They are
even making headway on previously unreachable benchmark tasks requiring commonsense
reasoning and logical inference.

And yet, despite these successes, they ‘hallucinate’ facts. They fail basic logic puzzles.
They ‘cheat’ on benchmarks (Balloccu et al., 2024; Geirhos et al., 2020). They are brittle
in the face of small perturbations (Cai and Cui, 2023). Even more troubling are theoretical
critiques: models that are trained purely on form, without access to grounded referents,
may be incapable of true understanding (Bender et al., 2021). This is not merely a
philosophical concern. It strikes at the core of whether these systems can engage with
meaning in the way humans do1.

I assert that narrative is an ideal lens through which to examine the capabilities and
limits of LLMs. Unlike classification or summarisation, it demands long-range coherence,
hierarchical structure, and sensitivity to both form and meaning. To understand a story
is to track its agents, events, and goals—but also its deeper patterns: its symmetry, its
echoes, its violations of expectation.

While there has been significant work on story generation and event extraction in
NLP, there remains a gap in understanding how models process narrative form—not just
who did what, but why the structure was chosen, and what it communicates.

This thesis takes up that challenge. Focusing on classical texts—especially Biblical
narratives—it investigates whether, and how, LLMs encode structured representations
of narrative form. Do they recognise type-scenes? Can they distinguish rhetorical from

1In the words of Pasquinelli and Joler (2021), “Machine learning is not bringing a new dark age but one
of diffracted rationality, in which […] an episteme of causation is replaced by one of automated correlations.
More in general, AI is a new regime of truth, scientific proof, social normativity and rationality, which
often does take the shape of a statistical hallucination.”
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literal parallelism? Do they identify analogical relationships between stories? And if so,
where in their internal representations are these concepts stored?

I begin with behavioural probing, asking whether LLM-derived embeddings contain
task-relevant information by testing their performance directly on new literary tasks. For
instance, I frame chiasmus detection—a task involving local semantic symmetry—as a
classification problem, and show that even a naive setup succeeds, suggesting that embed-
dings encode the relevant structure.

I then examine intertextual alignment across translations, treating it as a largely
semantic task. Using multilingual embedding models, I show that cross-lingual semantic
retrieval is often effective—but with clear caveats: performance degrades for low-resource
languages, even in models with ostensibly universal representations.

To evaluate whether LLMs can recall higher-order narrative structures, I construct a
retrieval task for type-scenes—recurring event schemas common in Biblical storytelling.
Surprisingly, treating this as a purely semantic retrieval task using sentence embeddings
yields the best results, but overall performance remains poor. This suggests that while
models may weakly encode such structures, they do not reliably surface them in similarity-
based tasks.

Finally, I test LLMs’ capacity for recognising parallelism, both at the span and doc-
ument level. I find that attention mechanisms capture rhetorical parallelism in local
contexts, but this capacity diminishes over longer ranges. Interestingly, as model size in-
creases, diagnostic probes trained on their embeddings do not reveal proportionally more
structured information—yet the models perform better in prompt-based tasks. This de-
coupling between internal representation and behavioural output raises important ques-
tions about where and how abstract narrative knowledge resides in these models. Together,
these experiments contribute to a growing understanding of how narrative structure might
be embedded, obscured, or emergent within high-dimensional language model representa-
tions.
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2
Background and Motivation

The central investigation of this thesis is the extent to which unstructured embedding
spaces – such as those learned by large neural networks – implicitly encode structured
knowledge about narratives. The ability to tell, comprehend, and recombine stories is
fundamental to human intelligence (Winston, 2011), and by mapping the successes and
failures in which AI as we know it processes stories, we can better hold a mirror up to
human intelligence1.

The purpose of this chapter is to acquaint the reader with three distinct yet inter-
locking topics: (1) the principles underlying deep learning — the dominant paradigm
in artificial intelligence — with its emphasis on ground-up, data-driven representation
learning; (2) an overview of current computational approaches to narrative, including
both their achievements and limitations when applied to literary texts; and (3) a theory-
informed account of narrative form as a vehicle for meaning, focusing on the recurrent
patterns and structures that organise and communicate.

The sections that follow begin with an overview of how deep learning approaches
representation, offering an intuition for why neural language models may struggle to
capture the deeper semiotic structures of literary narrative. I then survey the current
research landscape in narrative-focused NLP, highlighting key developments and gaps.
Finally, I turn to the literary and philosophical tradition of narrative typology, drawing

1See Goldstein and Papert (1977): ‘AI [is] a computational style of epistemology’ and: ‘[a]lthough
there is much practical good that can come of more intelligent machines, the fundamental theoretical goal
of the discipline is understanding intelligent processes independent of their particular physical realization.’
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together insights from poetics, theology, and structuralist thought to outline the forms
through which stories encode and transmit meaning.

2.1 Narrative Typology: Variations on a Theme
Narrative is a cultural absolute – no human society, past or present, exists without sto-
rytelling, whether through oral traditions, pictorial representations, or written works
(Barthes and Duisit, 1975). Piper et al. (2021b) argue that ‘[n]arrative is a core mecha-
nism through which human beings come to understand their world, find meaning, motivate
their actions and those of others, and create communities.’ Increasingly, public discourse
focuses on distinguishing narrative as a framing device that shapes interpretation from
the raw events it recounts (Card et al., 2015).

The power of narrative lies in its ability to construct meaning through repetition
and reinterpretation. To reinterpret George Santayana’s adage, ‘no text is an island’; all
narratives exist within a web of prior texts that shape and transform them (Bamman
and Crane, 2008). Latham (2017) observes that science fiction operates in precisely this
manner: there exists a shared repertory of world-building elements (e.g. warp drives and
AI cybernetics) common to the genre which authors draw upon to weave a backdrop
against which they recount their tale. Work such as Cook and Hirst (2013) on cliché
identification or Yarlott et al. (2022) on motif detection is made possible only by the
implicit assumption of reusable and reused narrative elements.

In the followings sections, I explore what defines a story2, how narrative functions as a
structured channel of communication, and the myriad ways that narratologists, folklorists,
theologians, and philosophers have expounded, in their own ways, the peculiar fact that
humans are, fundamentally, storytelling creatures.

2.1.1 What Makes a Story?

“Just as simple sentences can be said to have an internal structure, so
too can stories be said to have an internal structure[...] in spite of the
fact that no one has ever been able to specify a general structure for
stories that will distinguish the strings of sentences which form stories
from strings which do not.”

(Rumelhart, 1975)

Imagine you are sitting at a bus stop. A young man you’ve never met before approaches
you and says, ‘The name of the common wild duck is histrionicus histrionicus histrionicus.’

2For purposes of this dissertation, ‘story’ and ‘narrative’ may be taken as complete synonyms.
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That is the entirety of the interaction.
Philosopher Alasdair MacIntyre3 poses this thought experiment and concludes with

the question, ‘Why did this happen?’ (MacIntyre, 2013). Instinctively, humans try to
make sense of disconnected events by structuring them into a compelling story; perhaps
the man is giving a secret codeword, mistook you for someone else, or is mentally ill. Each
of these explanations imposes a narrative structure on an otherwise isolated event. With-
out motivations, subsequent events, or broader context, however, the interaction remains
a mere fragment; it is not yet a story.

Narrative, then, is emergent rather than merely sequential; it is a structured whole
that binds disparate elements into coherence. Paul Ricoeur (1984) articulates it this way:

“The plot of a narrative […] ‘grasps together’ and integrates into one whole
and complete story multiple and scattered events, thereby schematizing the
intelligible signification attached to the narrative taken as a whole.”

So the first way we may define a narrative is that it is a series of events and the scaffold
upon which the otherwise isolated events hang. This broad, teleological definition – one
that emphasises the purpose of narrative – is useful philosophically, but insufficiently
precise for computational applications. NLP tasks require definitions that lend themselves
to formalisation.

A useful analogy can be found in the realm of computer vision. Many applications
depend strongly on an ability to detect objects, yet some categories defy straightforward
definition. Consider chairs: chairs vary dramatically in form – some have four legs, others
none; some have armrests, other do not. A three-legged stool shares very little discernible
characteristics in common with a plush leather armchair, yet humans do not struggle to
categorise them both as instances of the parent class ‘chair’. Their defining characteristic
is not a particular shape or component, but rather their function: a chair is that which is
used for sitting (Grabner et al., 2011). Likewise, narratives cannot be defined merely by
their sequence of events (their components); rather, they are structured wholes that rely
on coherence, memory, and relational knowledge.

“There’s little we can find in common to all chairs – except for their intended
use.” (Minsky, 1988)

Piper et al. (2021b) compellingly translate key insights from narrative theory for an NLP
audience. Distilling the work of Paul Ricoeur (1984) and others, they produce a minimal
definition of narrativity, which I accept:

3I encountered this thought experiment through the work of Tim Keller in Every Good Endeavour
(Keller, 2014), and my recounting of it closely follows his in Chapter 9 of EGE.
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“| Someone | tells | someone | somewhere that | someone | did something(s) |
[to someone] | somewhere | at some time | for some reason”

This definition captures two crucial aspects of narrative. The first four elements (‘Someone
tells someone somewhere that’) reflect postmodern literary concerns, considering the nar-
rator and audience as integral to storytelling. The latter elements reflect classical narratol-
ogy, outlining the fundamental structure of events in time and space (Piper et al., 2021b).
Temporality, in particular, is central—though experimental works like Slaughterhouse-
Five (Vonnegut, 1969) challenge linear chronology, they are the exceptions which prove
the rule, underscoring the necessity of time as a narrative axis.

Returning to MacIntyre’s bus stop example, we see that it meets most of these criteria
but fails on one crucial point: there is no discernible reason for the utterance. Without
a motivating force—whether psychological, causal, or teleological—the event remains in-
complete as a narrative.

This definition, unlike more abstract literary conceptions, offers an operational frame-
work for NLP. Each component—agents, actions, objects, spatiotemporal markers, and
motivations—can be mapped onto computational tasks, from entity recognition to event
extraction to causal inference. In Section 2.3, I explore these aspects in greater depth,
assessing current progress and open challenges in narrative modelling.

Yet defining what constitutes a narrative is only the beginning. The more pressing
question is: why does narrative structure matter for NLP? The answer, I argue, is that
just as morphosyntactic rules enable the parsing of sentences, narrative structure enables
the comprehension of stories (Rumelhart, 1975). Understanding a narrative involves more
than tracking surface events—it requires the implicit recognition of character archetypes,
familiar plot trajectories, and intertextual references. Narratives, in short, encode knowl-
edge through recurrent units, offering a compact and cognitively efficient scaffold for
meaning.

In the next section, I explore how these recurrent narrative structures not only shape
human understanding but also present opportunities—and challenges—for computational
models seeking to capture the richness of story.

2.2 Language Models and Meaning

2.2.1 From Word Vectors to Neural Language Models

A language model is an abstraction over a linguistic dataset which, given a previous
word or sequence of words, predicts the next word in the sequence. The first formalised
language models were statistical, relying on frequency counts as a probability estimate
for a token’s likelihood in a given context. However, this approach struggles with key
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properties of language in use, such as polysemy (words with multiple meanings), the
emergence of neologisms (new words), and sensitivity to longer-range dependencies. As
a result, statistical models often fail to capture the structure and variability of natural
language.

In natural language processing, it is well-established that neural language models
encode structured linguistic patterns through large-scale statistical pre-training (Halevy
et al., 2009). Instead of assigning a fixed probability to a token based on frequency
in a corpus, neural models learn internal representations that reflect both the immediate
context and latent features such as syntactic roles, discourse structure, and even factual or
common sense knowledge (Tenney et al., 2019a; Petroni et al., 2019). The core assumption
underlying such models is that context serves as a proxy for meaning — ‘You shall know
a word by the company it keeps’ (Firth, 1957). This view is formalised in distributed
representation theory (Hinton et al., 1986) and popularised through models like Word2Vec
(Mikolov et al., 2013).

In Word2Vec, for example, each word in the vocabulary is assigned a vector such
that words appearing in similar contexts lie close together in the learned space. The
model learns these embeddings by predicting nearby words within a fixed window. This
allows semantic similarity to be captured as geometric proximity: words such as ‘king’
and ‘queen’ occupy similar regions of the space because they often appear in analogous
contexts.

Formally, given a sequence of tokens 𝑤 = [𝑤1, 𝑤2,… , 𝑤𝑛], a standard neural language
model defines the conditional probability of the next token as:

𝑝(𝑤𝑡 ∣ 𝑤<𝑡) = softmax(𝑊ℎ𝑡 + 𝑏)

where ℎ𝑡 ∈ ℝ𝑘 is the hidden state at position 𝑡, computed from a deep neural network,
𝑊 ∈ ℝ|𝒱|×𝑘 is a learned output matrix mapping to vocabulary logits, and 𝑏 is a learned
bias term. These probabilities are trained to reflect statistical regularities in language
data.

Intuitively, the more context (previous and/or future tokens) a language model is able
to consider, the more accurate its next-token predictions will be. In practice, storing
and effectively utilising context across an entire sequence is computationally expensive,
and earlier sequence models like Recurrent Neural Networks (RNNs) suffered from catas-
trophic forgetting, where information from earlier parts of the sequence would gradually
be overwritten or lost as new tokens were processed. This happened in part because these
models process tokens one at a time, passing compressed representations forward step-
by-step. Not only does this limit the retention of long-range information, it also makes
training inefficient and prone to error accumulation.

Transformers – the backbone architecture of modern NLP – overcome these limitations
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by replacing sequential processing with self-attention, a mechanism that dynamically ad-
justs the relevance of every token in the sequence relative to every other:

Attention(𝑄,𝐾, 𝑉 ) = softmax(𝑄𝐾⊤

√𝑑𝑘
)𝑉

where 𝑄,𝐾, 𝑉 ∈ ℝ𝑛×𝑑𝑘 are the query, key, and value matrices respectively, derived from
the input embeddings. This allows each token to attend directly to the entire input se-
quence, enabling efficient modelling of long-range dependencies and complex linguistic
relationships. Unlike RNNs or Convolutional Neural Networks (CNNs), Transformers
process all tokens in parallel, which not only improves computational performance but
also mitigates the catastrophic forgetting problem by giving equal access to the full con-
text (Vaswani et al., 2017). This shift unlocked a new generation of eminently scalable
language models. Subsequent work by Brown et al. (2020) demonstrated that that Trans-
formers trained on large-scale text corpora could perform a broad range of tasks – machine
translation, question answering, summarisation, etc. – without task-specific fine-tuning.
In effect, language modelling itself had become a general-purpose pretraining objective,
pushing the field beyond handcrafted features and narrow benchmarks toward expressive,
task-agnostic representations of language.

There are two major paradigms for training neural language models. One is causal lan-
guage modelling (CLM), where the model predicts the next word given only the preceding
context. It processes tokens strictly from left to right. This is the training objective used
in GPT (Generative Pre-trained Transformer), which is optimised for generation tasks.
The other is masked language modelling (MLM), in which some tokens in the input are
randomly replaced with a special [MASK] token, and the model is trained to reconstruct
the original sentence. This is the objective used in BERT (Bidirectional Encoder Rep-
resentations from Transformers), which learns to integrate both left and right context
and is particularly suited to classification and inference tasks. CLM reflects the incre-
mental nature of language generation, while MLM encourages the model to form deeper
bidirectional representations of meaning.

2.2.2 The Emergence of LLMs

In recent years, a new pseudo-category of language models has come to dominate the
field of natural language processing: Large Language Models, or LLMs. The term is used
inconsistently across both academic and public discourse4, but in this thesis, I use LLM to
refer broadly to pretrained neural language models built with a Transformer architecture

4For conflicting examples, K et al. (2024) define a large language model as anything larger than 1B
parameters, while Xu et al. (2025) define a ‘small language model’ as having fewer than 4B parameters.
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and containing billions of parameters. I make no distinction between base models and
instruction-tuned variants in the application of the term.

While earlier neural language models such as BERT and GPT-2 made architectural
strides, the models that are now grouped under the LLM umbrella are distinguished by
their scale — both in terms of parameter count and training data — and by the emergent
behaviours that appear only at that scale. These emergent properties are abilities that
do not manifest in smaller models but arise once certain thresholds of scale are crossed,
including in-context learning, code generation, and multi-step reasoning (Radford et al.,
2019; Brown et al., 2020).

This raises two central questions: How do LLMs achieve such broad competence? And
does this competence reflect genuine understanding, or just high-dimensional statistical
pattern matching?

The performance leaps observed in recent years are typically attributed to three pri-
mary factors: (1) the availability of powerful computational hardware, especially GPUs
and TPUs (Krizhevsky et al., 2017); (2) the shift to transformer architectures (Vaswani
et al., 2017), which allow efficient parallel computation of attention matrices; and (3) the
enormous volumes of data used for pretraining (Halevy et al., 2009). LLMs are trained
on internet-scale corpora using next-word prediction(as in GPT-style models) or masked
token prediction (as in BERT-style models). Yet despite their generalisation abilities, this
training paradigm does not incorporate explicit structural guidance: there is usually no
supervision for syntax, semantics, or world knowledge beyond what is implicitly encoded
in co-occurrence patterns.

For example, decoder-only models like GPT are trained to predict the next token in a
sequence, then further refined using reinforcement learning from human feedback (RLHF)
to produce outputs that better align with human preferences (Zhang et al., 2024). In-
struction tuning pushes this even further, adapting models to follow natural language
instructions. These techniques improve usability and alignment—but they do not intro-
duce explicit reasoning mechanisms to the model’s underlying representations.

As I will explore in the following section, this creates a tension: LLMs exhibit sur-
prising and often useful behaviours, yet their training objective remains narrow. This
raises concerns about whether their impressive performance reflects deep linguistic or con-
ceptual understanding, or whether models are simply exploiting statistical regularities to
take shortcuts on benchmark tasks.
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2.2.3 Shortcuts, Cheating, and the Limits of Token-Level Rea-
soning

Neural language models exhibit striking capabilities in structured knowledge recall. For
instance, masked language models can complete relational facts (e.g., ‘C.S. Lewis was a
professor at [MASK]’ → Cambridge University), despite lacking an explicit world model.
Petroni et al. (2019) argue that these associations emerge from statistical regularities in
training corpora: models learn to associate co-occurring word patterns without needing
to ‘understand’ their meaning in a human sense.

Despite this, recent work has demonstrated that LLMs often rely on shallow heuristics;
neural networks often take ‘shortcuts’, defined by Geirhos et al. (2020) as ‘decision rules
that perform well on standard benchmarks but fail to transfer to more challenging testing
conditions, such as real-world scenarios’. More provocatively, Balloccu et al. (2024) show
that models may ‘cheat’, achieving high scores on evaluation datasets by memorising parts
of them or indirectly learning from leaked examples during pretraining. Concordantly,
Chang et al. (2023) catalogues the published books known to ChatGPT and GPT4 using
a character name cloze task, determining that these large models have memorised a large
number of published works still under copyright protections. This undermines the validity
of benchmark performance as a proxy for generalisable reasoning.

These issues are compounded by the structural limitation that the atomic unit of
representation—the token—does not, a priori, correspond to higher-level structures like
narrative form or conceptual abstraction (Bender and Koller, 2020). One symptom of
this limitation is that embedded representations tend to conflate truth with plausibility:
the phrase ‘Paris is the capital of France’ may be encoded very similarly to ‘France is the
capital of Paris’ in vector space (Marks and Tegmark, 2024). Both sentences are perfectly
grammatical, but one is nonsensical. This failure to reliably distinguish between factual
and fluent language raises critical questions about what kind of reasoning these models
perform—and whether it amounts to more than high-dimensional mimicry.

The current research landscape offers several, potentially overlapping, rationales for
the powerful capabilities of modern language models. One explanation, already mentioned,
is that they cheat via data leakage. Another explanation points to their use of increasingly
long context windows, which allow models to track discourse across thousands of tokens.
On this front, the empirical data is mixed: Karpinska and Iyyer (2023) show that LLMs
do benefit from long-range context for the task of document-level literary translation,
while Sun et al. (2021) argue that providing long-range context has a negligible impact
on perplexity metrics, implying that ‘the evaluated models encode long-range context
superficially at best’.

A final and more radical possibility is that their internal representations are converging
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on faithful models of reality which thereby enable them to solve real-world tasks (Huh
et al., 2024). I further expound this point below.

2.2.4 The Debate Over Understanding

This latter hypothesis—that models build internal representations of reality— sits at the
heart of current philosophical and empirical debate. On one side, Huh et al. (2024) cat-
alogues a growing body of evidence that learned embedded representations across model
architectures and data modalities are converging. This indirectly implies some underly-
ing, concrete reality which ever-more capable models are representing more faithfully. On
the other side, Pasquinelli and Joler (2021) question the very premise that the patterns
recognised by machines constitute valid representations of reality. If lived experience and
conceptual reasoning cannot be reduced to co-occurrence statistics, then LLMs’ apparent
knowledge may be illusory. Similarly, Bender et al. (2021) warn against anthropomor-
phising these systems, arguing that their fluent output masks a fundamental absence of
intent, grounding, or comprehension.

These concerns suggest a critical limitation in the reasoning abilities of LLMs. While
these models can undoubtedly produce coherent and contextually appropriate outputs
across a wide range of tasks, their apparent fluency and problem-solving prowess may, in
fact, be the result of mimicking statistical correlations that arise from vast data exposure.
Their outputs are statistically sound but semantically shallow.

This trajectory—from statistical co-occurrence to generative fluency—has produced
astounding advances in NLP applications. Yet, in domains requiring deeper conceptual
understanding, such as narrative reasoning, serious limitations remain. Unlike classifica-
tion or translation tasks, narrative understanding demands long-range coherence, causal
reasoning, and cultural or intertextual awareness. These are precisely the areas where
LLMs may struggle.

In this thesis, I propose that narrative tasks serve as a particularly effective testing
ground for the question of LLM understanding. Narratives require reasoning about struc-
ture, causality, and intention across long sequences—traits that challenge the limitations
of token-level modelling. In subsequent chapters, I explore a variety of narrative phenom-
ena found in Biblical narrative. These forms allow us to probe whether LLMs can go
beyond surface patterning to encode reusable narrative logic. As I will show, this is not
just a benchmark task, but a window into the deeper question of what, if anything, these
models understand.
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2.3 NLP for Narrative Tasks
In recent years, computational approaches to narrative have proliferated across NLP, liter-
ary studies, and digital humanities, tackling various aspects of narrativity from character
modelling to event detection and narrative framing. These efforts often coalesce around
the minimal ingredients of narrative that I outlined earlier: the presence of characters who
do something, somewhere, for some reason. While many of these tasks originate in generic
webtext domains such as news or social media, their adaptation to literary narratives poses
distinct challenges due to longer document lengths, figurative language, complex temporal
structures, and rich layers of interpretation (Bamman et al., 2019; Sims et al., 2019; Sims
and Bamman, 2020; Piper et al., 2021a, 2024). While NLP has made significant progress
in analysing narrative at the level of events, entities, and character roles, I argue that
much of this work treats narrative meaning as emergent from morphosyntactic features.
In contrast, narrative traditions — especially in literary and religious texts — often rely
on structured, recurrent forms to encode and communicate meaning. These forms remain
under-explored. In what follows, I review major strands of narrative-focused NLP to sit-
uate my own work within this landscape and to identify the gap I seek to address: the
computational modelling of narrative form as a communicative structure.

2.3.1 Someone did something(s) to someone

Much narrative NLP research focuses on identifying actors and actions — that is, the
basic semantic backbone of stories5. One principled lens for analysis of characters and
their actions in a story is the study of dramatis personae – recurring character types that
serve as recognisable archetypes across narratives, such as the eccentric professor, femme
fatale, or dashing hero.

There are two major historical approaches to analysing character roles in narrative:

1. Joseph Campbell’s Monomyth: In his comparative study of mythology, Campbell
(1949) proposed a 12-stage archetypal structure for the hero’s journey, arguing that
classical myth and modern literature follow this repeating pattern.

2. Vladimir Propp’s Morphology of the Folktale: Propp, a comparative folklorist, in-
troduced a structuralist approach to Russian folktales, identifying 31 character func-

5There is some debate about whether plot or characters are the most integral component of stories.
Fludernik (2009) states that narrative is, ‘a representation of a possible world […] at whose centre there
are one or several protagonists of an anthropomorphic nature who are existentially anchored in a temporal
and spatial sense’. Contrast this emphasis on experientiality with Prince (1973)’s emphasis on change
of state and Labov and Waletzky (1997)’s emphasis on most-reportable event (MRE). See Ouyang and
McKeown (2015) for work on explicitly operationalising the MRE concept.
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tions – atomic narrative units such as interdiction (‘the hero is warned’) or struggle
(‘hero and villain do battle’) (Taylor et al., 1959).

Computational methods have been developed to operationalise these concepts, particu-
larly Propp’s character function taxonomy. Approaches have pursued automated tagging
and annotation techniques (Finlayson, 2015; Gervás and Méndez, 2024; Yarlott and Fin-
layson, 2016) as well as ground-up identification of character types and motifs (Jahan
et al., 2020, 2021; Jahan and Finlayson, 2019; Yarlott et al., 2022; Reiter et al., 2014). Re-
lated research has extended this effort by constructing a folktale index, which categorises
folktales across multiple languages based on type (e.g. the Aarne-Thompson-Uther clas-
sification system). However, folktale classification poses inherent challenges due to the
fluid nature of narrative motifs (Broadwell et al., 2017). Beyond folktales, probabilistic
models have been employed to identify and cluster film characters into persona categories
(Bamman et al., 2013, 2014).

These character-focused approaches often dovetail with work on event detection, which
seeks to identify and structure what happens in a narrative. Chambers and Jurafsky’s sem-
inal work on narrative chains (Chambers and Jurafsky, 2008, 2009) modelled sequences
of events involving a central protagonist, capturing rudimentary aspects of coherence and
temporal progression. Later extensions sought to merge these chains into more generalised
narrative schemas, approximating the structure of scripts or frames. In literary domains,
however, the detection of events is significantly more complex. Sims et al. (2019) empha-
sise that literary events often involve imagined states, figurative expression, and subtle
psychological shifts, posing problems for models trained on newswire data. Their work
introduced a novel corpus of literary event annotations and demonstrated significant gains
when models are trained in-domain.

Related tasks such as entity recognition and coreference resolution have likewise re-
quired domain adaptation for literature. Bamman et al. (2019) released a richly annotated
dataset of literary entities that included non-named mentions (“the boy”, “the cook’s sis-
ter”) and nested structures, showing that models trained on news data perform poorly in
literary settings — particularly with regard to gendered pronouns. Similarly, long-form
fiction introduces uniquely difficult cases for coreference, which standard benchmarks like
OntoNotes fail to capture. The corresponding dataset (Bamman et al., 2020) allows for
the study of long-distance coreference chains, often essential to narrative cohesion. Other
work has modelled interactions among characters directly, treating fictional social net-
works as structurally distinct from real-world analogues. Piper et al. (2024) show that
literary character networks tend to be more embodied, less modular, and more densely
connected than social networks in other contexts.
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2.3.2 Somewhere at some time

Narratives also unfold in time and space. Efforts to model these dimensions have included
introducing an annotation scheme for causal and temporal events (Mostafazadeh et al.,
2016) and using temporal markers as relations in a ‘story intention graph’ for identifying
analogous stories (Elson, 2012). While these tasks have generally received less attention
in the literary domain than character or event modelling, they are nonetheless crucial for
any attempt to recover narrative structure, especially when stories fragment or distort
chronological order. Such distortions are common in literature, where analepsis (flash-
backs), prolepsis (foreshadowing), and embedded narration complicate the mapping of
events onto timelines (Genette, 1997).

2.3.3 For some reason

Finally, there is the subtle question of why a narrative unfolds as it does. Here I describe
work on framing, especially in news discourse. Card et al. (2016) analyse how roles and
causal blame are assigned through the subtle choices of narrative framing. Similarly,
Minnema et al. (2022) explore how news reports of femicide differ in their portrayal of
aggressors and victims, revealing how narrative framing may encode ideology or imputed
moral value. Such research shows that narratives do not merely record events — they
interpret them, often implicitly. Other work has sought to capture narrative progression
at a more global scale, such as detecting turning points in film plots (Papalampidi et al.,
2019) or summarising screenplays using their underlying act structure (Papalampidi et al.,
2020).

Across all these efforts, narrative is treated as a substrate for machine learning: a
source of data, a target for prediction, a scaffold for annotation. Yet what is largely
missing — and what I aim to foreground — is the idea that narrative form itself is a
communicative medium, not merely an organisational container. If narrative is a mode
of reasoning through structure — whether via recurring scenes, typological allusion, or
rhetorical similarity — then computational models must grapple with its formalisms, not
just its contents. In the next section, I turn to these macrostructural theories of narrative
form, drawing on traditions from literary criticism, theology, and comparative folklore.
These forms offer precisely the kind of structured knowledge that eludes current token-
level models. Understanding how narratives communicate meaning through form, not
just through propositions, is central to the broader project of narrative understanding.
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2.4 Encoding Meaning in Narrative Form

“[T]he mechanisms that enable humans to tell, to understand, and to
recombine stories separate our intelligence from that of other primates.”

(Winston, 2011)

What remains notably absent in the current NLP literature is sustained attention to struc-
tured narrative form as a communicative device. Literary and religious narratives often
rely on established rhetorical and typological forms — including figura, type-scenes, and
chiasmus — to encode meaning, signal analogy, and structure memory. These macrostruc-
tural patterns function as frameworks for compressing, comparing, and transmitting sto-
ries. Recent work in cognitive neuroscience seemingly aligns with longstanding literary
theories, offering evidence that narrative structure aids memory recall (Lee and Chen,
2022) and facilitates communicative goals between speakers (Eckardt et al., 2024).

While early artificial intelligence (AI) work in the 1970s–80s attempted to model
narrative in a cognitively grounded way via scripts and frames (Schank and Abelson,
1975; Minsky, 1974), modern neural approaches have largely set aside these formalisms
in favour of distributed representations. In what follows, I return to these structured
forms, not simply as targets for detection, but as evidence of how narrative meaning is
constructed through form.

2.4.1 Narrative as Information Compression

While our borrowed minimal definition of narrativity provides a structural framework,
the way in which these elements are realised—especially the crucial ‘for some reason’—is
often left implicit. Not every story articulates its motivations explicitly; in many cases,
cultural context or audience expectations supply the missing rationale. This phenomenon
is a key aspect of narrative efficiency: instead of laboriously encoding every detail, stories
rely on defaults—pre-existing knowledge structures shared between speaker and audience.
In essence, narratives are able to say less while meaning more.

For instance, characterisation can be achieved far more efficiently through allusion
than through exhaustive description. Describing a rustic hero as, ‘Tarzan-esque’ imme-
diately conjures an image of a wild man swinging from vines, clad in a loincloth, and at
home in the jungle6 (Strunk, 2011). Similarly, in MacIntyre’s bus stop example, if we

6N.B that this also works in the other direction. When John the Baptist is described as wearing
camel’s hair clothing and eating locusts and honey in the desert (Mark 1:4-6), the audience is meant to
understand a reference to the prophet Elijah. This is an instance of implicit characterisation through
textual allusion.
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learn that the utterance is a codeword, an entire schema of espionage conventions—spy
novels, James Bond films, clandestine operations—fills in the blanks, supplying context
and clues about what will happen next.

Shannon’s information theory defines the optimal encoding of a message relative to
the receiver’s prior knowledge; similarly, narrative achieves communication efficiency by
activating culturally shared schemas. In this proposed view, stories function as com-
pressed encodings of more detailed mental models. The listener reconstructs the full
representation not from what is said, but from what is activated—from latent, previously
learned frames.

Once upon a time...

Frame: FAIRY TALE
    Setting: enchanted forest
    Protagonist: princess
    Goal: find true love
    Ending: happily ever after

Frame: FAIRY TALE
    Setting: harsh village
    Protag.: disobedient child
    Goal: escape punishment
    Ending: child learns lesson

Figure 2.1: Cultural Schemas. A single narrative prompt (‘Once upon a time…’) ac-
tivates a schematic frame containing role-slots with default fillers. These defaults vary
across individuals based on prior experiences, genre expectations, and cultural background.
The illustration demonstrates Minsky’s concept of terminal filling defaults within frames,
showing how divergent expectations can arise from a shared schematic scaffold.

This principle aligns with Frame Theory, first articulated by Minsky (1974) . In his
formulation, cognitive understanding relies on terminal-filling defaults—structured knowl-
edge templates that allow humans to infer missing information based on prior experience.
Just as a well-defined ‘restaurant frame’ (Table 2.1) includes expectations about waiters,
menus, and tipping, narrative comprehension is scaffolded by a rich repository of defaults.
A visual representation of this can be found in Fig. 2.1. The key insight is that narratives,
like cognitive frames, activate stored knowledge to reduce communicative burden.
A frame is a data structure representing a stereotyped situation, composed of slots (vari-
ables) and fillers (default or context-specific values). Formally, a frame 𝐹 for a scene can
be defined as:

𝐹 = {(𝑠1 ∶ 𝑣1), (𝑠2 ∶ 𝑣2),… , (𝑠𝑛 ∶ 𝑣𝑛)}
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Script: Restaurant
Roles Customer, Waitress, Chef, Cashier
Goal To get food → decrease hunger, increase pleasure
Scene Actions (Conceptual Act — Actor)
Scene 1: Entering PTRANS — customer enters restaurant

MBUILD — customer finds table
PTRANS — go to table
MOVE — sit down

Scene 2: Ordering ATRANS — receive menu
ATTEND — look at menu
MBUILD — decide on order
MTRANS — tell order to waitress

Scene 3: Eating ATRANS — receive food
INGEST — eat food

Scene 4: Exiting MTRANS — ask for check
ATRANS — give tip to waitress
PTRANS — go to cashier
ATRANS — give money to cashier
PTRANS — exit restaurant

Table 2.1: The restaurant script of Schank and Abelson (1975), structured into roles,
goals, and a series of scenes composed of primitive conceptual actions. Each scene involves
stereotyped acts such as PTRANS (physical movement), MTRANS (mental communication),
MBUILD (mental construction), etc., which help model how people understand and predict
events in familiar contexts.

where each 𝑠𝑖 is a semantic slot (e.g., agent, goal, location) and each 𝑣𝑖 is a default value
or variable. For example, an espionage frame might include:

𝐹spy = {(agent ∶ “undercover operative”),
(location ∶ “urban safehouse”),
(goal ∶ “extract intelligence”),

(action ∶ “codeword exchange”)}

These frames can be seen as generative templates:

𝑥 ∼ 𝑃(𝑥 ∣ 𝐹)

That is, observed stories 𝑥 are sampled or constructed from an underlying frame 𝐹 and
some variability. The interpretive task is then:

̂𝐹 = argmax
𝐹

𝑃(𝐹 ∣ 𝑥)
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This aligns with the role of narrative as efficient communication: given sparse surface
cues 𝑥, the listener recovers ̂𝐹 , the most probable frame. Importantly, the mapping from
token sequences to frames is many-to-one; the structure reduces entropy in interpretation
space.

A historical example of this efficiency in action is commedia dell’arte, the medieval
Italian theatrical tradition featuring stock characters such as the Harlequin, Pantalone,
and the Zanni. These characters are not merely familiar archetypes; they function as
narrative primitives, allowing new plots to be understood more easily because audiences
already know how these figures behave. The Harlequin is wily and mischievous; Pan-
talone is miserly and lecherous. Just as linguistic syntax structures sentences, cognitive
scaffolding structures stories by invoking pre-existing schemas, streamlining the process
of narrative interpretation.

This brings us to a key conclusion: Narratives function as information compres-
sion mechanisms by activating pre-existing cognitive schemas.

2.4.2 Intertextuality: Narrative as a Network

One mechanism by which narratives effectively populate default structures is through
intertextuality, the process by which texts refer to or build upon one another, either
explicitly through direct quotation or implicitly through allusion and structural mirroring
(Bamman and Crane, 2008). By invoking prior works, intertextuality enables authors to
engage with established themes, compress information, and guide audience expectations.

Ample examples of this phenomenon are on display in Hollywood films. Take, for
example, the psychologically disturbed murderer Patrick Bateman in Bret Easton Ellis’s
American Psycho: he is plucked from Alfred Hitchcock’s 1960s horror film Psycho and
placed in corporate America to render a withering critique on the excesses of 1980s ‘yuppy’
capitalism. Cues from the character name (Bateman/Bates) and riffed movie title provide
‘narrative shortcuts’ for the audience. These intertextual cues function as interpretive
signposts, layering meaning and enhancing thematic resonance.

Intertextuality is not solely a modern phenomenon; it is incredibly prevalent in the
ancient and classical traditions, with the added complexity that classical writers tended to
borrow phrases, motifs, and sometimes entire passages from earlier works without citation.
References may be direct, as Shakespeare’s line from The Tempest (“How beauteous
mankind is! Oh brave new world, That has such people in’t.” (emphasis added)) inspiring
the title of Aldous Huxley’s dystopian novel. Or references may be indirect, as in the 1999
film, 10 Things I Hate About You, a modern adaptation of Shakespeare’s The Taming of
the Shrew.

Significant computational work has been done on detecting intertextuality in the works
of Homer (Konstantinidou et al., 2024), early Christian writings (Moritz et al., 2016; Lee,
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2007), classical Latin poetry (Bamman and Crane, 2008; Dexter et al., 2017; Burns et al.,
2021; Dexter et al., 2024), and Latin prose (Dexter et al., 2017). These works allow critical
questions to be asked of ancient corpora: disentangling composite authorship (Lee, 2007;
Dershowitz et al., 2015; Koppel et al., 2011), testing authorship hypotheses (Koppel et al.,
2007; Lippincott, 2019; Kestemont et al., 2016), and characterising the evolution of literary
traditions (Dexter et al., 2017).7

Most of the above work for detecting and characterising intertextuality has relied on
stylometric analysis, which captures lexical and syntactic features to distinguish between
authors (Mosteller and Wallace, 1963). However, some, particularly Burns et al. (2021),
highlight that neural embedding spaces – specifically Word2Vec embeddings – capture
latent literary features that replicate stylometric findings. This suggests that neural rep-
resentations can encode intertextual structure, making them a promising tool for studying
narrative structure computationally.

There has generally been growing interesting machine learning applied to ancient
languages (Sommerschield et al., 2023), especially those of the classical world, for a vari-
ety of tasks like diachronic semantic analysis and dissecting polysemy in Ancient Greek
(McGillivray et al., 2019; Perrone et al., 2019), building language models and toolkits for
ancient languages (Fono et al., 2024; Koutsikakis et al., 2020; Coffee et al., 2013), restor-
ing ancient texts (Assael et al., 2019) and deciphering ancient scripts (Luo et al., 2021,
2019). These studies indicate that neural representations can capture rich linguistic and
stylistic patterns in historical corpora.

2.4.2.1 Biblical Intertextuality: A Special Case

Although often treated as one book, the Bible is in fact a library of texts spanning
multiple genres, authors, and centuries. Many individual texts are viewed by scholars
as composite works themselves, redacted over centuries by multiple authors (Friedman,
2019; Alter, 2011). Despite this diversity, there is a striking coherence with which its
texts use and build upon a common set of images. For instance, the apocalyptic visions
in the books of Daniel and Zechariah resurface in the Revelation of John, while theological
concerns—such as divine justice and redemption—thread through the prophetic writings.

This makes Biblical intertextuality a special case: the Bible is already an intertextual
network, referencing itself extensively. This poses a challenge when studying text reuse in
later works, as distinguishing between an external reference and the Bible’s own internal

7There are some inherent challenges in identifying non-literal textual references in situations where
there are no ground truth labels, such as is the case for ancient texts. Manjavacas Arevalo et al. (2021)
looks at inter-annotator agreement when labelling Biblical text reuse in the writings of Bernard of Clair-
vaux (writing in Latin) and Clement of Alexandria (writing in Greek). Annotator familiarity with the
source text (i.e. books of the Bible) and the inherent layered nature of Biblical intertextuality proves a
significant challenge.
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cohesion can be difficult. It is broadly assumed that the Christian New Testament is
particularly referential to the Hebrew Bible/Old Testament8(Bamman and Crane, 2008),
and modern Bible editions reinforce this through cross-reference annotations. However,
translators may have amplified or diminished these intertextual links—either intentionally
or inadvertently.

In Chapter 4, I investigate the extent to which Biblical intertextuality is preserved
across translations in two dimensions: (1) human and machine translations, and (2) across
languages with varying resource levels. This analysis sheds light on whether deep learn-
ing models can successfully retain intertextual structures across linguistic boundaries or
whether translation introduces distortions that obscure original references.

By viewing narratives as networks of intertextual connections, we gain deeper insight
into how texts encode, transmit, and reinterpret meaning. The ability of NLP models
to detect and interpret these connections remains an open challenge—one with profound
implications for both literary scholarship and machine reading comprehension.

As Minsky (1974) notes:

“Translation affords an opportunity to observe defaults at work.”

Intertextuality presents unique challenges in translation, as implicit references may be pre-
served, transformed, or lost depending on linguistic and cultural context. Examining these
patterns computationally allows us to test whether deep learning models can successfully
model intertextuality and preserve it downstream tasks like translation, summarisation,
and question-answering.

2.4.3 Narrative as Structured Repetition

Narratives exhibit recurring, recognisable elements drawn from a common set of conven-
tions. These conventions are distinct from direct intertextual references to influential
works, though foundational texts are often wellsprings for the conventions themselves.
For example, modern fantasy novels frequently incorporate tropes pioneered by Tolkien’s
The Lord of the Rings, not as an overt homage, but rather because the popular trilogy
was foundational for the modern genre. As Genette (1997) notes, narratives are deeply
informed by prior structures. Booker (2004) attempts to reduce all stories to seven basic
plot types, arguing that characters and plot events ultimately revolve around a central
hero9. While this is overly simplistic, it correctly highlights the tendency of narratives

8Religious canon is a divisive subject, and textual transmission is a tedious one. For the purposes of
this work, I refer to the Masoretic Text (MT) as the Hebrew Bible or Old Testament, and the 27 books
affirmed as authoritative by the Council of Hippo in AD 393 as the (Christian) New Testament.

9Hagan (2019) further extends the idea of seven basic plot to plot structures in the Bible.
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to reuse familiar structures. Within specific genres or cultures, common building blocks
serve as cognitive scaffolds that facilitate comprehension.

I use typology as a general term for these recurring narrative structures, although this
obscures the differences in plot-centric templates (story structures) and character-driven
patterns (dramatis personae and archetypal roles). In the following sections, I provide
an overview of typology as it has been developed in narratology, theology, sociology, and
epistemology. My goal is to demonstrate that typology is a fundamental organising
principle of human communication.

For NLP, the key question is whether language models implicitly encode knowledge
of these structures, just as they internalise implicit world knowledge from pre-training
on real-world data. In this thesis, I evaluate whether neural embeddings capture these
high-level narrative structures.

2.4.3.1 Figura

While modern readers may take it for granted that genres, character types, and plot struc-
tures are recognisable and describable, it is not self-evident that human culture should
organise narratives in such a structured and categorical manner. In the ancient world,
the relationship between model and copy—the idea that an object could be patterned on
prior forms—was a subject of deep philosophical inquiry. The very notion that a prototype
(literally, ‘first type’) could exist, giving rise to later instances, was explored extensively
in classical and theological traditions. Auerbach (1959) traces the evolution of the term
figura – the abstract form of a thing – from classical philosophy through to a medieval view
of history. In the classical world, poets and thinkers explored ‘shades of meaning between
model and copy, in changing form, and in the deceptive likenesses that walk in dreams’
(p.21). The concept took on new significance in early Christian thought, particularly in
the writings of Tertullian, Origen, and Augustine, where figura became a hermeneutic tool
for interpreting sacred texts. Sirin and Lippincott (2024) have used diachronic analysis
to empirically track this semantic shift of figura from the early Classical period through
the Christian era, revealing a transition from a primarily tangible sense to an increasingly
procedural one.

A figural interpretation of of the Bible views characters, events, and themes present
in the Old Testament as prophetic foreshadowing for characters, events, and themes in
the New Testament. Particularly influential in Christian theology is the idea of the pre-
figuring of Christ in Old Testament patriarchs like Moses and Joshua. Crucially, ‘figura
is something real and historical which announces something else that is also real and
historical. The relation between the two events is revealed by an accord or similarity’
(Auerbach, 1959). That is, it is not necessary to assume that secondary retellings of
narratives must be metaphorical reference to the original; things may happen the same
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way twice.
This structured, hierarchical relationship between events—where one narrative ele-

ment prefigures another—is strikingly different from the way language models learn rep-
resentations. Instead of a flat statistical mapping of token co-occurrences, figural inter-
pretation implies a latent graph structure, where past and future events are linked by
abstract narrative logic. This structure maps more closely onto known recall structures
in the human brain (Lee and Chen, 2022). Understanding whether LMs can implicitly
encode such structured relationships remains an open question in NLP.

2.4.3.2 Type-Scene

One way in which narratives may share an ‘accord’ is in the utilisation of recurring
stereotyped episodes, known as type-scenes. Unlike archetypal characters, which focus
on roles and functions, type-scenes are procedural in nature—structured templates for
key narrative moments. Clark (2004) defines them as: ‘recurring situations which are
narrated according to a more or less fixed pattern.’

The notion of a type-scene was first proposed by Arend (1933) to explain the formulaic
composition broadly observed in Homeric epics. It is now widely accepted that type-scenes
function as a mnemonic device, preserving the Odyssey and other oral traditions until their
transition to a written medium Clark (2004) .

Alter (1978) later extended this concept to Biblical narrative, observing that ‘there is
a series of recurrent narrative episodes attached to the careers of biblical heroes that are
analogous to Homeric type-scenes in depending on the manipulation of a fixed constel-
lation of predetermined motifs’. As an example, Alter highlights the recurring betrothal
scene, which follows a recognisable procedural schema:

A future bridegroom travels to a foreign land.

He encounters a maiden by a well.

The maiden draws him water.

She brings home the news of the stranger’s arrival.

The betrothal is arranged between families.

Alter argues that literary conventions provide the backdrop against which authors can
either meet or subvert reader expectations to create meaning (Alter, 1983). When Jacob
remains at home while his servant travels to seek a wife for his master, it underscores
Jacob’s passivity, a character trait which will also feature in later scenes (Alter, 1978).
Viewed in this light, the presence, absence, or transformation or an expected type-scene
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Slot Rebekah (Genesis 24) Rachel (Genesis 29)
Bridegroom Isaac (represented by Abra-

ham’s servant)
Jacob (acting on his own be-
half)

Maiden Rebekah Rachel
Well Encounter Rebekah arrives first; offers wa-

ter proactively to servant and
camels (fulfilling sign).

Jacob sees Rachel; rolls away
stone from well himself; waters
her sheep.

Initiative Servant prays for a sign; Re-
bekah fulfils it unprompted.

Jacob takes initiative; physi-
cal action (removing stone) re-
places verbal request.

Hospitality Rebekah runs to tell her fam-
ily; Laban invites servant in.

Jacob kisses Rachel; Rachel
runs to tell her father; Laban
welcomes Jacob.

Divine Sign / Ne-
gotiation

Fulfillment of a divine test;
marriage arranged by family.

No divine sign; Jacob bargains
for Rachel’s hand (7 years
labour).

Outcome Immediate betrothal; Rebekah
leaves family promptly.

Delay and complication: Jacob
is deceived and marries Leah
first.

Table 2.2: Two instantiations of the Betrothal-by-Well frame in Genesis. While the under-
lying frame remains constant, the slot fillers vary — highlighting differences in initiative,
divine involvement, and narrative tone.

efficiently conveys significance. in Table 2.2, I represent the sequence of betrothal events
in Genesis 24 and 29 as Minsky-style frames.

Subsequent scholarship has put forward or further elucidated Biblical type-scenes,
including prophetic concealment (Britt, 2002), betrothal (Fuchs, 1987), single combat
(Press, 2016), the introduction of foreigner to court (Köstenberger and Goswell, 2023),
and theophany (Savran, 2003). Despite extensive literary analysis, type-scenes have not
yet been studied computationally. In Chapter 5 I address this gap, investigating whether
language models can recognise and retrieve type-scene as structured narrative patterns.

Type-scenes share a marked similarity with the scripts of Schank and Abelson (1975)
: ‘a script is a predetermined, stereotyped sequence of actions that define a well-known
situation.’ However, in contrast to Schank and Abelson’s ‘very boring little [stories]’,
type-scenes mark deeply significant structured events, rather than commonplace scenes.
Related work on learning narrative event chains has not considered pre-existing signifi-
cance to the event structure (Chambers and Jurafsky, 2008, 2009; Chambers, 2013). One
fascinating strain of research on modern corpora, inspired by screenplay writing theory,
models turning points, key transitions in a film’s plot, using an annotated film script
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dataset (Papalampidi et al., 2019, 2020, 2021). These efforts aim to develop extractive
screenplay summarisation techniques and structured models for plot analysis. Type-scene
detection also bears a distant similarity with work on aspect-based document similarity
(Ostendorff et al., 2020; Ginzburg et al., 2021), which uses structural similarity to inform
document-level similarity ranking.

2.4.3.3 Chiasmus

An important discourse-level repetition structure common in ancient text is chiasmus,
a rhetorical structure whose key characteristic is inverse repetition, as in the phrase,
‘Ask not what your country can do for you, but what you can do for your country’.
Bothwell et al. (2023) consider it as a restricted version of a more broad phenomenon of
rhetorical parallelism. Most work on chiasmus detection has been done on modern English
corpora (Dubremetz and Nivre, 2015, 2017), with Schneider et al. (2021) examining line-
level chiasmus in German text. Modern chiasmus detection is a needle-in-a-haystack
problem (Dubremetz and Nivre, 2015), whereas ancient rhetoric frequently employs more
structured parallelism, including chiasmus, much more frequently (Bothwell et al., 2023).

Yet despite its prominence in ancient rhetoric, chiasmus remains under-explored in
computational studies of classical and Biblical texts. In this thesis, I begin by investi-
gating whether embedded representations can surface smaller-scale discourse phenomena
in classical and Biblical texts, using chiasmus as a test case. As a structured form of
rhetorical repetition, chiasmus allows us to assess models’ sensitivity to latent narrative
structure beyond surface-level token patterns. This sets the stage for subsequent chapters,
where I examine how models handle larger-scale intertextual alignments across transla-
tions, and ultimately probe their capacity for analogical and conceptual reasoning over
entire narratives.

2.5 Summary
This chapter has laid the historical and conceptual groundwork for understanding narra-
tive as a form of structured knowledge representation, and for evaluating the extent to
which current AI systems — particularly large language models — approximate this repre-
sentational capacity. While some work (e.g. Bender and Koller (2020)) expresses justified
skepticism regarding the semantic competence of LMs, there remains strong foundational
and practical value in probing whether these models implicitly encode hierarchical, com-
positional structures akin to those humans use when processing narrative.

This thesis investigates that question through two primary lines of inquiry. First, I re-
visit longstanding assumptions about distributed representations — that word or sentence
embeddings encode systemic conceptual mappings — by applying modern decoder-only
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architectures with extended context windows to narrative-level tasks. While such mod-
els show improved performance on document-level benchmarks, particularly in narrative
understanding, I identify several persistent limitations suggesting the need for more ex-
plicitly structured representations.

Second, I empirically test whether LMs encode structured patterns characteristic of
human storytelling. Specifically, I ask:

1. Do LMs learn to identify internal, localised rhetorical structures (e.g., chiasmus,
type-scenes)?

2. Can they detect cross-textual structural parallels — that is, intertextuality grounded
in shared frames rather than surface features?

3. Most critically, do LMs make analogical decisions based on deep conceptual struc-
ture, or are such judgments driven primarily by shallow lexical or syntactic similar-
ity?

These questions form the backbone of the thesis. Taken together, they constitute a
comprehensive evaluation of whether unstructured embedding spaces — as learned by
large neural networks — can support the kind of structured, hierarchical, and analogical
reasoning required for narrative understanding. The results have implications not only
for cognitive modelling but also for downstream tasks that depend on robust, explainable
representations of meaning.

2.6 Thesis Outline
This thesis is structured as follows:

Chapter 2 discusses theoretical and technical context for this work. I expound the
relevant insights from narrative theory, deep learning, and classical studies which underpin
and motivate this work.

In Chapter 3, I present the first empirical case study, exploring whether pretrained
language models can identify chiasmus—a mirrored, anti-parallel rhetorical structure com-
monly found in ancient texts, particularly the Hebrew Bible. Chiasmus poses a challenge
for NLP systems because it is often subtle and hierarchical, rather than overtly lexical.
We test whether statistical models operating over unstructured embedding spaces can
detect these non-linear patterns. Our findings suggest that pretrained models do encode
some sensitivity to rhetorical structure, raising broader questions about how deep models
internalise literary form.

Chapter 4: this chapter turns to intertextuality—the ways in which texts echo, allude
to, or revise one another over time. We examine whether multilingual embedding models
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capture intertextual relationships between verses across translations, using a parallel Bible
corpus as a testbed. Intertextual links play a central role in meaning-making across
religious and classical traditions, especially through typology. By evaluating whether
semantically related verses remain close in embedding space across languages, we probe
the limits of multilingual representation and ask whether such models can track meaning-
in-relation, not just meaning-in-isolation.

I investigate another facet of classical narrative in Chapter 5, wherein I explore a case
study in type-scenes—recurring narrative templates in Biblical literature—as a test of
higher-level structural recall. Unlike tasks focused on sentence-level meaning, type-scene
recognition requires procedural and relational understanding across multiple events. We
curate a small test set of type-scenes based on Biblical scholarship and evaluate the per-
formance of various pretrained models on a retrieval task. Surprisingly, models perform
best when the task is treated as pure semantic retrieval, without additional structural
supervision—but even then, performance remains objectively weak. These results under-
score both the representational limitations of LMs and the difficulty of recovering abstract
narrative form from unstructured embeddings.

Finally in Chapter 6, I move beyond behavioural evaluation, and adopt a probing-
based methodology to investigate how and where narrative concepts are stored in pre-
trained models. Using diagnostic classifiers, we test whether abstract features such as
rhetorical parallelism and narrative analogy are linearly recoverable from LLM embed-
dings. While some concepts are robustly encoded at span level, especially in smaller
contexts, performance drops at document scale. Notably, we observe a paradox: as
model size increases, downstream prompting performance improves, but the information
retrievable via probing does not scale proportionally. This raises questions about the
internal representation of narrative knowledge and its accessibility to external tools.

Chapter 7, then, offers reflections on the findings across all experimental studies, sum-
marising what they reveal about the narrative competence of large language models. It
also outlines key directions for future research: from structure-aware pretraining and
improved probing techniques, to alternative approaches for modelling typology, analogy,
and cultural memory in machine learning systems. Ultimately, the chapter argues that
understanding how machines process narrative is not only an NLP challenge, but a way
of illuminating the deeper cognitive structures of human storytelling itself.
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3
Unsupervised Discovery of Rhetorical

Structure in Ancient Hebrew

This chapter1 presents the first empirical case study in my investigation of whether pre-
trained language models encode structured patterns characteristic of human storytelling.
I focus here on chiasmus, a rhetorical structure in which elements appear in a mirrored,
anti-parallel pattern. In ancient texts, chiasmus often serves to foreground contrast, create
symmetry, or provide rhetorical emphasis. It is a hallmark of ancient religious literature,
particularly in the Hebrew Bible and, to a lesser degree, early Christian texts2.

From a linguistic perspective, chiasmus is an instance of recursive parallelism: a for-
mal structure that arises not from local co-occurrence but from global symmetry and
conceptual alignment. As such, it presents a useful test for the limits of modern language
models. Can models trained on token-level prediction tasks detect these deeper rhetori-
cal structures? Or do their representations remain confined to surface-level features like
lexical similarity and word order?

1This work was originally published as a main conference short paper at NAACL 2025 in the Com-
putational Social Sciences and Cultural Analytics track (McGovern et al., 2025b). I have modified the
content and framing to fit the thesis and made other minor revisions. My co-authors on the paper (Drs
Hale Sirin and Tom Lippincott) acted in an advisory role for this project.

2While there are a few recognised instances of quasi-chiastic structures in the Christian New Testament
(see, for example, ‘Markan Sandwiches’ (Edwards, 1989)), these are often less strict and happen on a
broad, organisational level such as the structure of Paul’s letter to Philemon (Heil, 2001).
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In this chapter, I test the hypothesis that chiasmus, despite its abstract and often
subtle structure, can be discovered by statistical models operating over unstructured
embedding spaces. If successful, this would provide evidence that pretrained language
models learn not just to associate co-occurring words, but to encode the hierarchical,
non-linear structures that underlie narrative and argumentation.

3.1 Poetic Devices in Classical Literature
Structured rhetorical forms are central to the literary traditions of the ancient world.
These devices offer not just aesthetic value but also forensic clues about authorship, tradi-
tion, and cultural memory. For example, Proverbs chapter 30 features with a distinctive
numerical refrain:

‘… Three things are never satisfied; four never say, “Enough”: …’ (Proverbs
30:15)

‘… Three things are too wonderful for me; four I do not understand: …’
(Proverbs 30:18)

‘Under three things the earth trembles; under four it cannot bear up: …’
(Proverbs 30:21)

This kind of poetic device exemplifies a patterned form of expression used to encode
emphasis, rhythm, and memory3. It stands in contrast to modern poetic traditions —
such as Walt Whitman’s blank verse — which often favour free-form and unstructured
expression. Classical poetry, by contrast, tends to be highly formal and pattern-driven,
making it particularly amenable to statistical analysis. However, this same formalism
poses practical challenges: these patterns are rarely annotated, and their detection often
relies on expert interpretation.

Chiasmus — the arrangement of textual units in a mirror-like structure — has long
captured the attention of Biblical scholars. The term comes from the Greek letter chi
(𝜒), evoking the ‘X’-shaped symmetry of classic forms (e.g., ABB’A’). One widely cited
modern example is John F. Kennedy’s rhetorical reversal4:

Ask not what your country can do for you,
but what you can do for your country.

3This specific numerical format occurs only in Proverbs 30, a chapter attributed to Agur son of Jakeh,
suggesting that it may represent a stylistic deviation from broader Hebrew poetic norms.

4Technically, this example is an instance of a subset of chiasmus called antimetabole, discussed in
Section 3.2.1. However, this phrase stands as a guide for intuition.
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A [...] Let them be turned back and disappointed who devise evil against
me!

B Let them be like chaff before the wind, with
the angel of the LORD driving them away!

B’ Let their way be dark and slippery, with
the angel of the LORD pursuing them!

A’ For without cause they hid their net for me; without cause they dug a
pit for my life.

Table 3.1: Chiastic structure of Psalms 35:4-7. Pairs (A, A’) and (B, B’) form an
‘X’ pattern, exhibiting repeated phrases and conceptual links.

This syntactic and conceptual reversal exemplifies chiastic structure. While such devices
are relatively rare in modern English prose — and often confined to elevated oratory
(Bothwell et al., 2023) — they are pervasive in ancient literature. For instance, Dubremetz
and Nivre (2015) found only seven clear chiastic structures across nearly 200 speeches by
Winston Churchill. In contrast, Biblical texts, especially Hebrew poetry, are replete with
examples of this form (Lowth, 1989; Welch, 1981).

As illustrated in Table 3.1, Psalms 35:4-7 exhibits inverted parallelism: lines A and
A’ contain conceptual and lexical parallels (e.g., ‘devising evil’ vs. ‘digging a pit’), while
B and B’ feature symmetrical imagery involving the angel of the Lord. Colours highlight
these analogies.

Yet despite wide recognition of chiasmus as a literary and rhetorical phenomenon,
scholars remain divided on its precise definition, function, and prevalence. Some propose
that it aids characterisation in narrative passages (Assis, 2002), while others emphasise
its poetic role in the Psalms (Martin, 2018). These debates reveal a deeper issue: chi-
asmus detection remains largely qualitative, relying on expert judgment and subjective
interpretation.

In this chapter, I introduce a computational method for detecting chiasmus in Bibli-
cal texts that operationalises a central question of this dissertation: whether structured
rhetorical patterns are encoded in unstructured vector representations of the kind learned
by large, pretrained language models. Unlike rule-based approaches, this method avoids
hand-crafted templates. Instead, it leverages statistical similarity among sentence embed-
dings, enabling it to capture conceptual and semantic symmetry.

This approach builds on prior work in computational rhetoric (Dubremetz and Nivre,
2017; Schneider et al., 2021), while addressing several limitations. Earlier systems often
relied on predefined syntactic templates, were language-specific (i.e. English or German),
or focused on shallow symmetry at the phrase or clause level. In contrast, my method is:

• Agnostic to language structure, operating in multilingual embedding spaces,
• Capable of handling arbitrary-length passages rather than intraline symmetry, and
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• Adaptable to ancient languages, where syntactic parsing may be unreliable.

More broadly, this chapter offers a case study in how statistical models might recover
structures that were historically understood as meaningful. If successful, it would support
the broader thesis that modern neural models, despite lacking explicit knowledge of syntax
or rhetoric, may implicitly encode higher-order narrative structures. Chiasmus provides
a stringent and culturally significant test of this claim — one that bridges computational
modelling with ancient literary analysis.

3.2 Formalising Chiasmus

3.2.1 Task Description

Sentence Encoder

INPUT
א... רָ ית בָּ שִׁ א רֵ ה...בְּ תָ יְ ץ הָ רֶ אָ הָ ים...וְ לֹהִ ר אֱ יֹּאמֶ  ים...וַ לֹהִ א אֱ רְ יַּ ים...וַ לֹהִ א אֱ רָ קְ יִּ וַ

Sliding Window

Cosine 
Similarity

Chiamus
Score

Figure 3.1: Experimental setup for chiasmus detection. In a sliding window fashion,
I encode verses (or half-verses) with a sentence encoder and then calculate the delta of
the pair similarities and non-pair similarities to create a score distribution over all sets
of verses. In this illustration, the sliding window operates right-to-left to follow Hebrew
orthography.

Chiasmus, as a literary device, exhibits properties similar to those used in computational
models of textual allusion. In particular, the features identified by Bamman and Crane
(2008) for the detection of literary references—lexical overlap, word order, syntactic align-
ment, semantic similarity, and even phonetic or metrical resonance—are also relevant
here. Conceptually, a chiasmus can be understood as a kind of localised textual echo: a
structured pattern that relies on parallelism and mirroring.
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This resemblance is especially pronounced in ancient, morphologically rich languages
like Biblical Hebrew and Latin. In such languages, the free word order amplifies the sig-
nificance of syntactic and positional repetition, since similarity in structure is not merely
a by-product of grammatical constraint. Chiastic forms may therefore exploit word order
as a deliberate poetic signal rather than a grammatical necessity.

However, chiasmus presents a more nuanced structural challenge than straightforward
repetition or paraphrase. Unlike standard parallelism—which typically aligns similar ideas
in sequence—a chiasmus reverses the order of elements, often pairing not only similar units
but also antithetical ones. That is, the mirrored elements (e.g., A ∼ A’, B ∼ B’) may reflect
either semantic similarity (e.g., repetition, synonymy, or paraphrase) or semantic contrast
(e.g., antonymy, opposition of agency, or moral inversion). This rhetorical juxtaposition is
especially characteristic of Biblical and classical texts, where chiasmus can signal thematic
reversal or ironic contrast.

A robust formalisation must therefore accommodate both similarity and structured
contrast between corresponding elements. Importantly, this alignment must be selective:
elevated similarity or contrast should occur only between mirrored elements in the chiastic
pattern. Non-corresponding lines (e.g., A ∼ B or B ∼ A’) should not exhibit strong mutual
similarity. This structural constraint is essential to distinguish meaningful chiasmi from
looser repetitions such as genealogical lists, formulaic poetry, or catalogues, where broad
similarity is distributed evenly across units with no internal mirroring.

Chiasmi may occur in even or odd forms. Even chiasmi (e.g., ABBA) symmetrically
balance their mirrored halves. Odd chiasmi (e.g., ABCBA) include a central, unmatched
unit—often interpreted as a semantic focal point. In narrative or poetic settings, this
central element frequently carries the thematic core or interpretive hinge of the passage.
Such structures reflect a circular rather than linear logic: the ‘point’ lies not at the
end (as in Western narrative convention), but in the centre (Douglas, 2007). This circular
structure can serve theological, poetic, or ritual functions—framing the heart of a covenant
or embedding emphasis within the narrative ring.

It is also important to distinguish chiasmus from antimetabole, a narrower rhetorical
figure. Whereas chiasmus involves the reversal of elements at multiple linguistic or con-
ceptual levels (e.g., structure, meaning, grammar), antimetabole refers more strictly to
the inversion of exact words or phrases (e.g., “eat to live, not live to eat”). Several of
the works discussed below focus on antimetabole, which can be considered a degenerate
or lexical case of chiasmus. The formalisation must be general enough to capture both
surface-level and conceptual symmetry, without reducing chiastic structure to mere word
reversal.

We can now formalise the objective: I aim to detect passages that satisfy the following
criteria:
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1. Mirrored Pairing: The passage must contain a sequence of units that exhibit high
similarity or structured contrast in a symmetrical pattern (e.g., A ∼ A’, B ∼ B’).

2. Selective Alignment: Non-paired elements within the same window must not
exhibit comparable levels of similarity, ensuring that the mirroring is non-trivial.

3. Structural Boundedness: Candidate chiasmi should be self-contained, not span-
ning across major textual divisions (e.g., books or chapters).

4. Optional Central Focus: In odd-length candidates, the central unit (C in ABCBA)
is left unmatched and may exhibit elevated salience or semantic weight.

The chiasm scoring pipeline is illustrated in Fig. 3.1.

(1) Valid Chiastic Similar-
ity

(2) Valid Chiastic Opposi-
tion

(3) Invalid Repetition

A “The LORD is my shep-
herd; I shall not want.”

A “The wise will inherit
honor,”

A “Reu fathered Serug,”

B “He makes me lie down in
green pastures.”

B “but fools get disgrace.” B “Serug fathered Nahor,”

B’ “He leads me beside still
waters.”

B’ “but shame is the promo-
tion of fools.”

B’ “Nahor fathered Terah,”

A’ “You prepare a table be-
fore me...”

A’ “The fool says in his heart,
‘There is no God.”’

A’ “Terah fathered Abram.”

Sim(A, A’) = 0.81 Sim(A, A’) = 0.67 Sim(A, A’) = 0.96
Sim(B, B’) = 0.74 Sim(B, B’) = 0.54 Sim(B, B’) = 0.92

Table 3.2: Comparison of Chiastic Structures. High cosine similarity between corre-
sponding units (A, A’ and B, B’) supports valid chiasm (col. 1), while antonymic inversion
reflects structured opposition (col. 2). Genealogical repetition (col. 3) exhibits high sim-
ilarity but lacks structural intent. Cosine similarity scores here are simulated.

3.2.2 Related Work

Existing approaches to chiasmus detection are few but methodologically instructive. Most
prior work applies heuristic or feature-based methods to shallow chiastic structures—
typically flat, two-part inversions (AA’). In contrast, my approach leverages modern con-
textual embeddings to enable detection of nested, semantically rich chiasmi. However,
I retain key aspects of these earlier pipelines: namely, an unsupervised scoring function
applied over a sliding window. This section provides a detailed account of four relevant
works and situates this model within this methodological lineage.

Dubremetz and Nivre (2015): This foundational work on rhetorical figure de-
tection targets chiasmus in the Europarl corpus. Their approach combines linguistically
motivated heuristics with a sliding window of fixed length. Candidate windows are scored
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based on additive features drawn from four classes: (1) stopword and punctuation density,
(2) relative size of the window, (3) repeated or inverted 𝑛-grams, and (4) hand-curated
lexical clues. Each feature class is weighted based on manual tuning on a development
set.

To identify inversion candidates, they apply TreeTagger to extract pairs of repeated
or reversed lemmata within a given token span. For each candidate, a scoring function
computes the degree of rhetorical inversion. They manually annotate the top 200 examples
from each feature class, yielding a final corpus of 1200 excerpts—of which only 31 contain
true chiasmi. This low prevalence highlights a key challenge of English data: chiasmus is a
needle-in-a-haystack problem. By contrast, in curated Biblical or classical texts, chiasmus
is a known, culturally embedded pattern, which increases the base rate of true positives
and justifies my focus on higher-precision modelling.

Dubremetz and Nivre (2017): In a follow-up paper, the authors apply supervised
learning to the same 1200-instance corpus. Using logistic regression, they train a classifier
over the same manually engineered features and achieve an overall F1-score of 78.3 despite
the scarcity of positive examples. Interestingly, the learned weights of the model closely
track their original hand-tuned heuristics, reinforcing the value of linguistically informed
features.

However, a key limitation remains: their approach only models flat chiasmi with simple
two-part mirroring. There is no support for multi-part or nested patterns (e.g.,ABBA,
ABCBA). My method generalises the structural search space by allowing arbitrary nesting
within the sliding window, scored via symmetric pairwise alignments.

Schneider et al. (2021): More recently, Schneider and colleagues introduce semantic
features into the chiasmus detection pipeline. Like Dubremetz and Nivre, they apply a 30-
token sliding window, but identify candidates using part-of-speech tag inversions rather
than lemmata. They retain similar lexical and structural features, but crucially add two
more types: (1) lexical n-grams to counteract the loss of surface content from PoS-only
filtering, and (2) embedding features, derived from SpaCy models5.

Their corpus consists of Friedrich Schiller’s German dramas, manually annotated to
include 45 general chiasmi and 9 antimetaboles. From over a million syntactic inversions,
they sample 4000 negative examples. Their results confirm the added value of semantic
representations: embedding features produce the largest improvement in detecting gen-
eral chiasmus. Lexical features, by contrast, are more important for the stricter task of
antimetabole detection.

They also validate generalisability by applying their scoring model to unseen Schiller
texts. Of the top 100 candidates, the full feature set with embeddings doubles the number
of correct detections—10 compared to 5 using Dubremetz-style features. This motivates

5en_core_web_lg and de_core_news_lg
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my own use of semantic similarity via contextual embeddings, but instead of SpaCy static
vectors, I use pretrained transformer models to capture richer contextual nuance.

Bothwell et al. (2023): In a broader shift toward rhetorical structure, Bothwell et
al. propose a general framework for detecting rhetorical parallelism, including chiasmus,
across languages and genres. Their annotation scheme accommodates nested parallel
structures, although their trained models focus only on flat alignments. They construct
a tagging scheme for parallel units (BIO-style) and apply it to both Latin sermons (e.g.,
from Augustine of Hippo) and Chinese student essays.

A key finding from their model comparisons is that BERT-style pretrained models out-
perform traditional feature-based methods. Specifically, LatinBERT outperforms embed-
dings learned from scratch and a Word2Vec+BiLSTM baseline on rhetorical parallelism
detection. This strongly supports my design decision to use a pretrained transformer (e.g.,
BERT or a similar model) as the backbone for the embedding-based similarity scoring—in
lieu of explicitly modelling syntactic, lexical, or 𝑛-gram features.

In summary, my approach adapts the unsupervised detection pipeline of Dubremetz
and Nivre (2017) and Schneider et al. (2021)—based on a sliding window and scoring
function—but replaces engineered features with contextual embeddings from a BERT-
like model. This allows us to scale up to nested, semantically diverse chiasmi while
retaining interpretability and structural precision. I further justify this design choice by
the demonstrated effectiveness of pretrained Transformers in related rhetorical detection
tasks.

3.2.3 Operationalising Chiastic Structure

To detect candidate chiasmi, I begin by computing a cosine similarity matrix (𝑆), where
each entry (𝑆𝑖𝑗) reflects the semantic similarity between textual units (𝑖) and (𝑗), often a
single verse. A candidate chiasmus consists of a sequence of mirrored pairs—for example,
(𝐴… 𝐴′), (𝐵 … 𝐵′), and so on, that define a symmetric pattern within a bounded window.

For each such candidate, I define the chiasmus score, (𝜇chiasmus) as the average simi-
larity between these hypothesised mirror pairs:

𝜇chiasmus = 1
𝑘

𝑘
∑
𝑖=1

𝑆pair(𝑖)

where pair(𝑖) indexes the 𝑖-th matching pair in the hypothesised chiastic structure.
To assess distinctiveness, I also compute the mean similarity between all non-paired

lines within the same window (e.g., (𝑆𝐴,𝐵, 𝑆𝐵,𝐶′), etc.):

𝜇non-pair = 1
𝑛 ∑

𝑖,𝑗∈non-pair
𝑆𝑖𝑗
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The final score for a candidate structure is then defined as the difference between the
average similarity of the mirror pairs and that of the non-pairs:

Final Score = 𝜇chiasmus − 𝜇non-pair

This differential score favours candidate chiasmi that exhibit a salient internal structure
distinct from the surrounding textual background.

To search across a text corpus, this scoring procedure is applied using a sliding window
approach. Each window spans a fixed number of textual units 𝑁 (e.g., verses), and within
each window I search for potential chiastic pairings of varying depths (e.g., ABBA, ABCBA,
etc.). I experiment with multiple values of 𝑁 ∈ [4, 8]. To ensure interpretability and
preserve narrative coherence, candidate windows are prohibited from crossing book or
chapter boundaries.

After computing scores for all candidate structures, I standardise them by calculating
their 𝑧-scores:

𝑧𝑖 = 𝜇chiasmus,𝑖 − 𝜇chiasmus,mean
𝜎chiasmus

where 𝜇chiasmus,mean and 𝜎chiasmus are the mean and standard deviation of all scores, respec-
tively. I keep only those candidates which have a threshold of three standard deviations
above the mean score as the model’s predictions.

3.3 Data
My primary data source is the Translator’s Amalgamated Hebrew Old Testament (TAHOT),
based on the Leningrad Codex—the oldest complete manuscript of the Hebrew Bible. Due
to the complex history of Biblical translation, modern English translations often follow
a versification system that diverges from the earliest Hebrew manuscripts. For example,
what appears as Genesis 31:55 in most English Bibles corresponds to Genesis 32:1 in the
Leningrad Codex. I adhere to the Hebrew versification throughout, as this alignment is
essential for recovering chiasmi as they may have been structured in the original text.

I analyse the text at two levels: verses and half-verses. In the Masoretic tradition,
the cantillation symbol atnach ( ֑ ) typically marks a semantic and syntactic midpoint. I
consider all words up to and including the word marked with the atnach as the first half,
and the remainder as the second. This division reflects traditional pauses in liturgical
reading and often corresponds to internal poetic or rhetorical balance.
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Genesis 1:4 with semantic division at the atnach

Before atnach ( ֑ ):

כִּ͏י־טֹוב֑ אֶת־הָאֹור אֱלֹהִים וַיַּ͏רְא

And God saw the light, that it was good.

After atnach:

הַחֹשֶׁ͏ךְ וּ͏בֵין הָאֹור בֵּ͏ין אֱלֹהִים וַיַּ͏בְדֵּ͏ל

And God separated the light from the darkness.

Before embedding, I remove all vocalisations (niqqud) and cantillation symbols. In total,
I analyse 23,213 verses, yielding 44,779 half-verses. For clarity and accessibility, I present
English translations in all tables and figures, while all computational analysis is performed
on the Hebrew source text.

3.4 Sliding Window Scoring
Building on the formalism described above, I apply the model across the Hebrew Bible,
treating each verse or half-verse as a potential anchor point. For every such unit, I test
candidate chiastic structures of length 𝑁 ∈ [4, 8] using a fixed sliding window approach.

Rather than attempt exhaustive annotation, I follow established practice in the liter-
ature (e.g. Dubremetz and Nivre (2017); Schneider et al. (2021)), and focus human effort
on the most promising candidates. Specifically, I extract the top 50 scoring outputs for
both the half-verse and full-verse settings. These outputs undergo manual annotation,
detailed in Section 3.6.

3.4.1 Embedding models

I embed each verse or half-verse using the E5 multilingual sentence encoder (Wang et al.,
2024). I adopt the ‘small’ variant (118M parameters), balancing speed and quality. This
approach follows recent work by Burns et al. (2021), who use cosine similarity to surface
intertextual echoes in Latin literature.

3.4.2 Why Not Use an LLM?

While large language models (LLMs), specifically instruction-tuned, decoder-only LLMs,
dominate many NLP benchmarks, several factors make them ill-suited for chiasmus de-
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Half-Verse Verse

Fu
ll

O
ut

pu
t Num. Found 1896 879

Top Book Genesis Numbers
Avg. Length 5.93 ± 1.34 6.01 ± 1.38
Avg. Score 0.32 ± 0.1 0.29 ± 0.08

A
nn

ot
at

ed System Precision (Top-50) 0.60 0.80
Cohen Kappa (𝜅) 0.76 0.89
Top Genre Narrative Narrative

Table 3.3: Summary of detected chiasmi. 2700+ chiasmi were detected at the verse
and half-verse level. The highest number of chiasmi was found in the Book of Genesis
and Book of Numbers. Both the precision and the inter-annotator agreement increase for
the verse-level chiasmi.

tection in the Hebrew Bible.
First, in preliminary tests, I found that LLMs often regurgitated copyrighted English

translations (e.g., the ESV) when prompted with Hebrew verses. This behaviour likely
stems from data contamination via online commentaries—many of which explicitly discuss
chiastic structure. As a result, LLMs may unwittingly echo human analyses, undermining
the goal of independent discovery (Balloccu et al., 2024).

Second, and more importantly, LLMs remain difficult to interpret. Biblical scholars—
the primary audience for this tool—require methods they can trace, verify, and discuss.
My model provides a mathematically grounded framework that surfaces candidate chiasmi
without the opaqueness of black-box generation. By foregrounding structural criteria, my
system invites scholarly critique rather than obscuring it.

The next section presents the system’s outputs and evaluates their quality through
both expert annotation and quantitative metrics.

3.5 System Output
Table 3.3 provides an overview of the system’s output. At the half-verse level, the model
identifies 1,896 chiastic structures, with an average length of 5.93 textual units (±1.34)
and an average score of 0.32 (±0.1). At the verse level, 879 chiastic structures are iden-
tified, with an average length of 6.01 lines (±1.38) and an average score of 0.29 (±0.08).
The book of Genesis contains the highest number of half-verse chiasmi, while Numbers
yields the most verse-level chiasmi.
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Figure 3.2: Total number of chiasmi per book in the Old Testament at verse
and half-verse level. While some books tend to have more chiasmi overall, this figure
shows whether verse-level or half-verse-level chiasmi are more prevalent in each book.

As visualised in Fig. 3.2, chiastic density is not evenly distributed. Half-verse chi-
asmi consistently outnumber their verse-level counterparts, though their relative frequency
varies by book. Genesis, 1 Samuel, Judges, 1 Chronicles, Psalms, Jeremiah, and Ezekiel
exhibit especially high rates of half-verse chiasmus. This pattern maps onto known liter-
ary and genre features: the Psalms, Jeremiah, and Ezekiel contain dense poetic material
where chiastic parallelism is both expected and aesthetically integral; Genesis interweaves
narrative with genealogical and covenantal formulae, fertile ground for structural mirror-
ing.

The elevated counts in historical books such as 1 Samuel, Judges, and 1 Chronicles
may reflect the system’s sensitivity to recurring narrative templates—e.g., formulaic suc-
cessions in royal accounts: ‘X became king, reigned for Y years, and did evil in the sight
of the Lord.’

3.6 Human Annotation
To assess precision, the 50 highest-scoring outputs at each level were annotated by myself
and a co-author on the original publication, both of whom have graduate-level training in
ancient languages and/or literature. While the identification process is fully in Hebrew,
annotators used a literal English translation preserving Hebrew word order for ease of
inspection. Each candidate was labeled using a three-class rubric:
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Chiastic repetition clear structural reversal, lexical or semantic.

Non-chiastic repetition repetition without chiastic order.

No repetition no repetition.

Annotators reached strong agreement, with Cohen’s 𝜅 at 0.76 for half-verses and 0.89
for verses. Additionally, ambiguities arose rarely: annotators disagree on only two half-
verse examples when distinguishing between ‘no repetition’ and ‘chiastic repetition’. Six
additional cases sat on the borderline between chiastic and non-chiastic repetition, under-
scoring the fuzziness of the boundary between formal inversion and loose recurrence when
only incorporating semantic features.

Among the model’s top 50 predictions, 60% of half-verse outputs and 80% of verse-
level outputs were judged chiastic by both annotators, reflecting strong alignment between
model scores and human judgments.

A notable secondary finding is the frequent emergence of non-chiastic repetition in top-
scoring outputs: these often involve ritual, legal, or genealogical language with formulaic
structure. This category may be of separate interest to scholars studying the formal
features of Biblical Hebrew. I find 29 such cases among the top 100 candidates. Only
3% of top passages fell into the ‘no repetition’ class, indicating that the model is highly
successful at filtering out completely irrelevant matches.

3.7 Qualitative Analysis

A And there was evening and there was morning, the fourth day.

B And God said, “Let the waters swarm with swarms of living creatures ,
and let birds fly above the earth across the expanse of the heavens.”

C
So God created the great sea creatures and every living creature that

moves, with which the waters swarm, according to their kinds, and every
winged bird according to its kind. And God saw that it was good.

B’ And God blessed them, saying, “Be fruitful and multiply and fill the
waters in the seas , and let birds multiply on the earth. ”

A’ And there was evening and there was morning, the fifth day.

Table 3.4: English translation of a positive example of a chiasmus automatically
detected by this method. Gen 1:19-23 (ESV)

Several high-quality examples recovered by this model align with traditional literary anal-
ysis. One appears in Genesis 1:19–23 (Table 3.4), where a five-part chiasmus highlights
thematic symmetry between divine command and evaluation (‘And God saw that it was
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good’). The inversion of motifs—creation of sea and sky life nested within divine speech—
emphasises order and divine approval, echoing interpretations of Genesis as structured
poetic theology.

A And Esau said to Jacob, “Let me eat some of that red stew , for I
am exhausted!” (Therefore his name was called Edom.)

B Jacob said, “Sell me your birthright now.”
C Esau said, “I am about to die; of what use is a birthright to me?”

B’ Jacob said, “Swear to me now.” So he swore to him and
sold his birthright to Jacob.

A’ Then Jacob gave Esau bread and lentil stew, and he ate and drank
and rose and went his way. Thus Esau despised his birthright.

Table 3.5: The story of Jacob stealing Esau’s birthright. English translation of a
chiasmus automatically detected by our method. Gen 25:30-34 (ESV)

Another salient example is the story of Jacob and Esau (Table 3.5). The structure mirrors
the reversal of birthright exchange, underscoring themes of deception and covenantal
destiny.

A And God said, “This is the sign of the covenant that I make
between me and you and every living creature that is with you , for all
future generations:

B I have set my bow in the cloud , and it shall be a sign of the covenant
between me and the earth.

B’ When I bring clouds over the earth and the bow is seen in the clouds ,
A’ I will remember my covenant that is between me and you and every

living creature of all flesh. And the waters shall never again become a
flood to destroy all flesh.

Table 3.6: God’s covenant with Noah after the flood. English translation of a
chiasmus automatically detected by our method. Gen 9:12-15 (ESV)

A third example from Genesis 9:12–15 (Table 3.6) frames God’s post-diluvian covenant
with repeated references to the ‘bow’ and divine remembrance, embedding the symbol of
restoration within a structured theological promise.

More broadly, many instances of divine speech exhibit chiastic or poetic structure.
This pattern likely reflects stylistic conventions in Biblical Hebrew, where symmetry sig-
nals rhetorical solemnity or theological emphasis. These findings support existing schol-
arship linking chiasmus to theological intent and formal artistry in ancient narrative and
law.
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3.8 Conclusion
This chapter has explored whether embedding spaces from pretrained, deep contextualised
language models can support the discovery of structured rhetorical patterns, using the
formal device of chiasmus in ancient religious texts as a diagnostic case. My findings
suggest that even in the absence of explicit structural supervision, computational methods
are capable of identifying these mirrored, hierarchical forms with surprising fidelity. This
observation carries dual significance: it offers scholars in theology, literature, and digital
humanities a promising tool for uncovering subtle rhetorical patterns, and it provides early
empirical evidence that LLMs encode aspects of internal narrative structure—patterns
that go beyond surface-level co-occurrence or shallow syntactic symmetry.

By recovering chiastic symmetry from pretrained representations alone, I begin to
answer one of this thesis’s central questions: To what extent can large language models
represent the recursive, hierarchical, and formal properties of human storytelling? Chias-
mus, with its rigid symmetry and theological weight, functions here as a probe—a litmus
test for the model’s grasp not just of semantics, but of form.

This approach is not without its limitations; the detected chiastic structures oper-
ate at the verse and half-verse levels. Many of the most significant theorised chiasmi in
Biblical literature—such as the flood narrative in Genesis or the apocalyptic visions in
Daniel—unfold over entire episodes or chapters. These longer-range structures often de-
pend on thematic inversion, symbolic parallelism, or structural echoes, rather than lexical
repetition. As such, they fall outside the reach of this current method, which relies on
surface-level alignment within bounded windows of text.

This limitation reflects a broader challenge: scaling from local rhetorical structures
to global narrative architectures requires models with longer memory, more abstract con-
ceptual inference, and deeper integration of world knowledge. The detection of high-level
chiasmi—those involving motifs, plot points, or theological reversals—remains an open
and enticing problem, likely demanding hybrid approaches that blend neural representa-
tions with symbolic or discourse-based modelling.

Furthermore, I note that my work does not yet engage directly with prior efforts
in rhetorical structure detection that focus on intra-sentential patterns (e.g., rhetorical
role labelling or fine-grained discourse parsing). Such methods often operate at a much
smaller granularity than the unit of analysis presented here and are geared toward prose
rather than poetic structure. A rigorous comparison would require adaptation to a shared
segmentation scheme—a task I leave to future work.

One especially promising direction would be the creation of a labeled corpus of Ancient
Hebrew chiastic structures at multiple levels of granularity, especially in poetic books like
the Psalms. These texts are dense with parallelism and refrain, making them fertile
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ground for both automated detection and theological interpretation. Such a resource
would enable systematic evaluation of model performance and open new possibilities for
studying the function of rhetorical form across translations, traditions, and historical
contexts.

3.8.1 From Internal Rhetoric to Intertextual Structure

While this chapter has focused on internal rhetorical structures—formal symmetries within
a single passage—some of the most profound literary patterns in religious texts operate
across books, traditions, and centuries. These are not merely repetitions, but reverber-
ations: intertextual echoes, typological foreshadowings, and theological correspondences
that connect disparate moments into a coherent interpretive arc.

These cross-textual structures often work through shared frames—conceptual scaffolds
that recur across stories. For example, the language of John 1:1 (‘In the beginning was
the Word…’) unmistakably invokes Genesis 1:1 (‘In the beginning God created…’) through
salient lexical overlap and positional prominence. Recognising such echoes requires mod-
els to align texts based not on words, but on roles, functions, and thematic positions—a
capacity that pushes beyond rhetorical pattern recognition toward conceptual generalisa-
tion.

The next chapter shifts our focus from rhetorical form to metatextual reference. I ask
whether large language models can detect these frame-level correspondences across texts
and translations—whether they can track the idea of creation, covenant, sacrifice, or exile
as it reappears under new guises. In doing so, I move from detecting internal symmetry to
tracing intertextual continuity, and from rhetorical structure towards narrative typology.

If embedding spaces encode such structure, then models may not only predict the
next word or classify surface patterns—they may possess, however faintly, the architecture
required for deep narrative understanding.
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4
Maintaining Intertextuality in Translation

If the previous chapter explored internal symmetries—formal structures within a single
passage—this chapter1 turns outward, toward the metatextual phenomenon of intertextu-
ality: the way texts speak to, echo, and revise one another across time. Intertextuality is
not simply a literary flourish; it is the mechanism by which religious and classical texts con-
struct meaning across generations, through typological allusion, shared narrative frames,
and the reactivation of prior texts in new contexts.

Our central question here is whether large pretrained embedding models encode sensi-
tivity to these intertextual structures—and crucially, whether this sensitivity persists in
translation. Using a massively parallel Bible corpus, I ask whether embeddings maintain
the semantic relationship between verses that are intertextually linked in the original
language.

Intertextuality serves not just as an interpretive lens but as a thread of continuity: it
binds cultural memory, reinforces theological motifs, and constructs narrative coherence
across books and traditions. This makes it an especially revealing test case for evaluating
whether multilingual embeddings can track not just meaning, but meaning-in-relation—to
past texts, source traditions, and canonical structures.

1This work was originally published as a main conference short paper at NAACL 2025 in the Com-
putational Social Sciences and Cultural Analytics track (McGovern et al., 2025a). My collaborators
and co-authors on the paper (Drs Hale Sirin and Tom Lippincott) operated in an advisory role. I have
modified the content and framing to fit the thesis and made other minor revisions.
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4.1 Allusive Text Reuse in the Classical World
Coined by literary theorist Julia Kristeva, intertextuality describes the idea that every text
is shaped by, and in dialogue with, other texts (Kristeva, 1986). This dialogue can be
overt—as in quotation or paraphrase—or subtle, involving thematic or structural allusions.
For instance, James Joyce’s Ulysses (1922) retells Homer’s Odyssey through a dense web of
character mappings (Molly/Penelope, Stephen/Telemachus, Leopold/Odysseus), setting
ancient narrative frames within a modernist Dublin (Currie, 2019).

Intertextual references often serve two purposes. First, they invite the reader to in-
terpret a passage in light of another—projecting a shared frame or echo. But they can
also introduce contrast: subverting or recontextualising the original. As Bamman and
Crane (2008) note, this dual movement—similarity and divergence—makes intertextuality
a powerful tool of reinterpretation.

Wilfred Owen’s poem Dulce et Decorum Est provides a striking example2. In it,
he recontextualises a line from the Latin poet Horace that had long served as patriotic
shorthand for martial valour by juxtaposing it with appalling imagery of battle in the
first world war:

“If you could hear, at every jolt, the blood Come gargling from the froth-
corrupted lungs,
Obscene as cancer, bitter as the cud
Of vile, incurable sores on innocent tongues,—
My friend, you would not tell with such high zest
To children ardent for some desperate glory,
The old Lie: Dulce et decorum est Pro patria mori.”3

The classical maxim is here portrayed as grim irony in the face of modern atrocities. This
technique—using intertextual reference to recontextualise prior texts—is very common in
Biblical literature. Prophetic texts frequently depict God as a shepherd-king, guiding his
people with strength and care. But when Israel’s first king, Saul, is introduced in 1 Samuel
9, he is wandering aimlessly in search of lost donkeys—a figure so far removed from the
royal ideal that the scene borders on satire. The intertextual echo of shepherd imagery
thus becomes a foil, revealing Saul’s inadequacy by contrast rather than similarity (Alter,
2011).

This is a form of typological inversion—common in theological texts, particularly
where a New Testament scene may echo a Hebrew Bible narrative while simultaneously
reconfiguring its meaning (Hays, 1989).

2https://www.poetryfoundation.org/poems/46560/dulce-et-decorum-est
3“It is sweet and fitting to die for one’s country”
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Exodus 14:21 Revelation 16:12
Hebrew Bible New Testament
20 [...] and it was a cloud and darkness to
them, but it gave light by night to these: so
that the one came not near the other all the
night.

11 And blasphemed the God of heaven
because of their pains and their sores,
and repented not of their deeds.

21 And Moses stretched out his hand over
the sea; and the LORD caused the
sea to go back by a strong east wind
all that night, and made the sea dry land,
and the waters were divided.

12 And the sixth angel poured his vial
upon the great river Euphrates; and the
water thereof was dried up, that the way
of the kings of the east might be prepared.

22 And the children of Israel went into the
midst of the sea upon the dry ground [...]

13 And I saw three unclean spirits like
frogs come out of the mouth of the
dragon [...]

Table 4.1: Biblical intertextuality. The highlighted middle verse shows the intertextual
reference from the New Testament to the Hebrew Bible, establishing a connection between the
drying up of the Euphrates River and Moses parting the Red Sea. Both are instances of divine
intervention in the context of a body of water. However, intertextuality here not only establishes
a semantic parallel between two events, but it also emphasizes the difference. The passage from
Exodus is moment of the divine judgment that leads to safety, whereas the drying up of the
Euphrates is a preparation for the final judgment of the world.

Biblical texts, in particular, are dense with intertextual structure. From direct quo-
tations to thematic echoes and formulaic patterns, scholars have catalogued hundreds of
cross-references between the Hebrew Bible and New Testament (Torrey and Canne, 1982).
Table 4.1 illustrates one such allusion. The challenge in translation is not only to pre-
serve the local meaning of each verse, but to retain these intertextual connections across
languages—a task that requires models to recognise not just what a passage says, but
where and how it echoes.
Recent computational studies have made significant progress in detecting intertextuality
in classical texts, particularly within Latin and Koine Greek corpora. These works have
focused primarily on monolingual reuse—tracing how authors quote, echo, or adapt earlier
sources in the same language tradition.

In the following sections, I distinguish between text reuse, which refers to an instance
of borrowing—whether verbatim, truncated, or modified—and allusion, a subset of text
reuse involving implicit or indirect reference. Both literal and allusive text reuse contribute
to intertextuality as a document-level phenomenon: a coherent network of such reuses and
references forming a larger metatextual structure.
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4.1.1 Literal Text Reuse

Much early work focused on fairly literal reuse. Lee (2007) compares nine scholarly
hypotheses of textual reuse across the Synoptic Gospels, particularly between Mark and
Luke, believed to share material from the hypothesised Q source. Using hand-crafted
lexical features and cosine similarity scores on Koine Greek, the model learns to replicate
individual scholars’ theories of reuse, demonstrating that even subtle patterns of influence
can be computationally modelled.

Manjavacas et al. (2019) similarly treat reuse as primarily literal, using 𝑛-gram and
string-matching techniques to detect overlap in patristic texts. Drawing on the Biblindex
corpus—writings of Clement of Alexandria (Greek) and Bernard of Clairvaux (Latin)—
they show that such methods are highly effective when the reuse is direct.

Moritz et al. (2016) also work with Biblindex, but manually analyse reuse across
Ancient Greek and Latin texts, categorising transformations such as synonym substitution,
changes in case or capitalisation, and shifts in part-of-speech—still within a monolingual
scope.

4.1.2 Allusion and Stylised Reference

Other work turns toward more allusive reference. Bamman and Crane (2008) examine
Latin poetry, identifying allusion through TF-IDF-weighted lexical, syntactic, and posi-
tional features. Working across 14 texts by five Latin poets, they construct a typology
of features that signal literary echo, though they do not evaluate against a gold-standard
dataset. Burns et al. (2021) take a vector-based approach, training Word2Vec embeddings
on CLTK-parsed Latin to detect the literary influence of Livy’s work. They validate em-
beddings on synonym retrieval tasks and apply anomaly detection to identify stylistic
deviation, using a support vector machine (SVM) to classify ‘Livianness’ across passages.

Konstantinidou et al. (2024) use character-level statistical language models trained on
Homeric Greek to detect low-surprisal passages across the Iliad and Odyssey, reframing
intertextuality as a function of probabilistic familiarity between texts.

4.1.3 The Missing Link: Translation

What these studies share, however, is a monolingual frame. While they successfully model
intertextual structure within Greek or Latin, they do not address how that structure is
preserved—or transformed—across translation. This omission is critical, particularly in
religious literature, where multilingual intertextuality is not the exception but the norm.

The most direct treatment of this challenge comes from Bamman and Crane (2009),
who investigate allusion between Milton’s Paradise Lost (English) and Virgil’s Aeneid
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(Latin). They construct an evaluation set of known phrasal correspondences and propose a
multi-step pipeline: aligning possible translation candidates, clustering them into phrasal
spans, and applying similarity metrics between source and derived phrases. Their work
demonstrates that cross-lingual allusion is tractable, though technically complex.

Yet even this work remains relatively isolated. The broader field has not systematically
asked whether intertextual structures can persist through translation—despite strong his-
torical motivation to do so. Ancient authors often operated in multilingual environments
where translations, not original texts, shaped intertextual reuse. For instance, New Testa-
ment writers frequently quote the Septuagint—the Koine Greek translation of the Hebrew
Bible—rather than the Hebrew source itself. These citations often reflect distinctive fea-
tures of the Greek translation. For example, Hebrews 10:5 quotes Psalms 40:6 as saying,
‘a body you prepared for me’, which is a reading found in the Septuagint but not in the
Masoretic Text, which reads ‘my ears you have opened’. The author is clearly drawing
on the Greek version, demonstrating that scriptural reuse can be mediated through a
translation.

4.2 Intertextuality Across Translation
Intertextuality is a mode of interpretation as well as a literary device. As such, its preserva-
tion (or transformation) across translation plays a crucial role in how texts are understood
and received in new linguistic and cultural contexts. Yet rhetorical devices such as inter-
textual reference are among the most difficult elements to preserve in translation. While
semantic content may transfer with minimal distortion, intertextual resonance often de-
pends on specific phrasing, echo, and lexical or syntactic alignment with source material.
Identifying intertextuality and the degree to which it is preserved in translation is crucial
for the interpretation and appreciation of literary and historical texts. Due to its signifi-
cance, computational methods for identifying intertextuality have become an expanding
field of research, and it is closely connected to other NLP tasks that are grouped under
narrative reasoning and comprehension (Sang et al., 2022; Piper et al., 2021b).

This problem is especially pressing in literary and historical corpora. Frequently
treated as a single book, the Bible is in fact a multilingual library of texts authored
across more than a millennium, consisting of passages in Hebrew, Aramaic, and Koine
Greek, with additional loanwords from Egyptian (Noonan, 2016), Babylonian, and Per-
sian (Price, 1895). Many of its most significant rhetorical structures—particularly in
the New Testament—are intertextual in nature, referencing earlier Hebrew texts through
quotation, paraphrase, or allusion.

In this work, I propose a novel computational method for analysing how intertextuality
is preserved across both human and machine translation. I use Language-Agnostic BERT
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Sentence Embeddings (LaBSE) (Feng et al., 2022) —a model trained for semantic retrieval
across 112 languages—to embed Biblical passages and identify intertextual links across
translations. I evaluate LaBSE’s capacity to recover known intertextual pairs in multiple
languages and assess how translation affects the strength and clarity of these connections.

To this end, I:

• Present a new method for characterising intertextuality within and across transla-
tions using multilingual embedding spaces.

• Develop a corpus-level metric for evaluating the degree to which intertextual links
are preserved.

• Compare human and machine translations across a range of languages and transla-
tion traditions.

• Provide a qualitative analysis of an illustrative case where human translations am-
plify or suppress intertextuality relative to a machine-generated baseline.

These results offer empirical support for long-standing hypotheses in Biblical scholarship—
that human translators, intentionally or not, tend to emphasise continuity between the Old
and New Testaments by making intertextual links more explicit than in the original source
texts. By treating multilingual embeddings not merely as tools for semantic retrieval, but
as instruments for measuring literary interpretation, I argue for a new methodological
synthesis between NLP and historical-literary criticism.

4.3 Data
I use three primary sources for textual analysis of Biblical intertextuality:

1. The Translator’s Amalgamated Hebrew Old Testament (TAHOT)
2. The Translator’s Amalgamated Greek New Testament (TAGNT)
3. The Septuagint (LXX)

The TAHOT is based on the Leningrad Codex, the oldest complete extant manuscript
of the Hebrew Bible. The TAGNT consolidates the Greek New Testament from multi-
ple early editions. Both are curated by Biblical scholars at Tyndale House (Cambridge,
UK) and distributed through the STEP Bible project4. I release cleaned and structured
versions of these datasets on the Hugging Face Hub5.

The Septuagint (LXX) is the earliest known Greek translation of the Hebrew Bible,
produced by Jewish scribes several centuries before the composition of the New Testament.

4www.STEPBible.org
5TAHOT Huggingface site: 10.57967/hf/4174, TAGNT Huggingface site: 10.57967/hf/4184
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Language Family Bitext pairs
English West Germanic > 10𝑀
Finnish Uralic > 1𝑀
Turkish Turkic > 100𝐾
Swedish North Germanic > 10𝐾
Marathi Indo-Aryan Small

Table 4.2: Resource Level by Language Family. In this study, I consider translation
pairs including a handful of languages for which there exists a full human translation
of both the Jewish and Christian texts in the JHUBC. These languages span different
resource levels; the resource levels are indicated by the number of bitext sentences readily
available in online datasets, as reported by Tang et al. (2020).

Its inclusion is crucial for studying intertextual links that cross not only canonical divisions
but also linguistic boundaries.

As discussed in the previous chapter (see Chapter 3), differences in versification pose
challenges when aligning Biblical texts. In this work, however, I standardise all source
texts to follow the English versification system, to better reflect how modern translations
typically order verses and to improve comparability across languages.

4.3.1 Human Translations

To analyse how intertextuality is preserved across modern translations, I use the Johns
Hopkins University Bible Corpus (JHUBC) (McCarthy et al., 2020), which provides com-
plete parallel translations for both testaments in a variety of languages. I select five
languages to represent a range of language families and resource levels, as shown in Ta-
ble 4.2.

However, I find that the JHUBC harbours extensive noise for translations of low-
resource languages. I visualise the verse-level coverage of each translation in Fig. 4.1.
Translations in low-resource languages (e.g., Marathi and Turkish) exhibit more missing
verses and occasional misalignments, verified through manual inspection.
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Figure 4.1: Verse coverage in JHUBC Human Translations. The x-axis indicates
verse position across the Old Testament (left) and New Testament (right). Darkened
lines indicate a missing verse in the associated human translation. Note that Turkish and
Marathi translations are particularly noisy texts.

4.3.2 Independent Benchmark

To independently evaluate the generalisability of this approach, I also apply it to a bench-
mark corpus of Classical Latin intertextuality curated by Burns et al. (2021). This dataset
contains 945 expert-annotated references connecting Book I of Valerius Flaccus’ Argonau-
tica to four earlier Roman works: Vergil’s Aeneid, Ovid’s Metamorphoses, Lucan’s Bellum
Civile, and Statius’ Thebaid.

The references typically span two-word phrases, following conventions from the Tesserae
Project (Coffee et al., 2013), which established methods for lexical and allusive matching
in Latin literature.

4.3.3 Gold Standard for Intertextuality

To establish a ground truth set of intertextual connections, I use a curated dataset of
Bible cross-references (Owens, 2010). The dataset originates from the Treasury of Scrip-
ture Knowledge (TSK) (Torrey and Canne, 1982), a historical compilation of interpretive
cross-references created by Biblical scholars over several centuries. This initial collec-
tion was: deduplicated, merged for adjacent verse ranges, and subsequently extended via
crowdsourced annotation, where members of the public could vote on the relevance of
links.

I retain only verse-to-verse links that:

Connect passages from different books (to exclude local cohesion links)
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Can be resolved across all manuscripts (to ensure alignment robustness)

Have a combined vote count ≥ 50, regardless of link direction.

That is, a reference is considered valid if

Votes𝐴→𝐵 + Votes𝐵→𝐴 ≥ 50

To validate this threshold, I manually confirm that 96.0% of such references are attested in
an online version of the Treasury of Scripture Knowledge, further affirming the reliability
of this filtering method.

This results in a total of 2,183 cross-references, distributed as follows: 548 within the
Jewish (Old) Testament, 961 within the Christian (New) Testament, and 674 across the
two testaments.

Reference Type Testament(s) Involved Count
Within Jewish Testament Old → Old 548
Within Christian Testament New → New 961
Across Testaments Old ↔ New 674
Total — 2183

Table 4.3: Distribution of validated intertextual cross-references. I distinguish
between within-testament references and across-testament references, using a vote thresh-
old of 50.

Throughout this work, I distinguish between within-testament references (Old ↔ Old, New
↔ New) and across-testament references (Old ↔ New), which often reflect theological or
typological relationships fundamental to Christian interpretation.

4.4 Pretrained Embeddings for Semantic Retrieval
Involving Ancient Languages

To assess whether LaBSE is suitable for capturing cross-lingual semantic similarity for the
languages of interest, I evaluate it out-of-the-box on a multilingual Bible verse retrieval
task. This evaluation helps validate its utility for subsequent experiments on intertextu-
ality preservation in translation.

I follow the standard sentence-level retrieval task as in Feng et al. (2022): for each verse
in a source language, I embed all possible candidate verses in the target language using
LaBSE, and identify the top-1 nearest neighbour based on cosine similarity. Precision@1
is then calculated as the proportion of verses for which the correct translation is ranked
first among all candidates.
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English Finnish Swedish Turkish Marathi
Ancient Hebrew → 0.8526 0.7254 0.7171 0.6163 0.4691
Ancient Greek → 0.6116 0.5001 0.4623 0.3829 0.3531

Table 4.4: Precision@1 retrieval performance using LaBSE for cross-lingual semantic
search on aligned Bible verse pairs. Each source verse in Ancient Hebrew or Ancient
Greek is used to retrieve its matching translation in the target language (English, Finnish,
Swedish, Turkish, Marathi), based on cosine similarity of LaBSE embeddings. The metric
reports the proportion of source verses whose top-scoring match in the target language
has the same verse identifier.

As Table 4.4 shows, retrieval performance is notably higher for Ancient Hebrew than for
Ancient Greek, and highest for English targets across both source languages. While per-
formance is not on par with LaBSE’s best results on high-resource, modern language pairs,
the results remain surprisingly strong given the domain specificity and antiquity of the
source languages. This supports LaBSE’s use in the downstream intertextuality exper-
iments, with the caveat that performance drops significantly for low-resource languages
such as Turkish and Marathi.

These findings also help calibrate expectations: when evaluating the preservation of
intertextuality in human and machine translations, we might expect higher consistency
in languages like English or Finnish compared to more linguistically distant or morpho-
logically complex languages. Interestingly, Swedish yields stronger semantic retrieval
performance than might be expected given its comparatively low resource level. This may
be due to the presence of closely related languages (e.g. Danish, Norwegian) in LaBSE’s
multilingual training corpora, which might enhance transfer learning. By contrast, mor-
phologically rich or orthographically distant languages like Turkish and Marathi may pose
additional challenges for both tokenisation and translation. These patterns suggest that
factors beyond raw resource size—such as linguistic similarity, shared vocabulary, or struc-
tural distance from the source language—also play a role in MT performance. The lower
performance may also point to misalignments in the JHU Bible Corpus or inconsistencies
in verse tokenisation, especially for the more fragmented or idiomatic translations.

4.5 Characterising Intertextuality between Corpora
To measure the degree of intertextuality between corpora, I use cosine similarity between
multilingual sentence embeddings produced by LaBSE. This allows us to quantify seman-
tic overlap between known intertextual passages and compare it to a baseline of non-
intertextual pairs6. I apply this method to evaluate how faithfully different translations

6Note that I am making an assumption that while intertextuality is borne out in phrasing, echo,
structure, and linguistic choice, semantic overlap is a sufficient proxy for preservation across translation.
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preserve the intertextual structure of the source text.
Let 𝒫intt = {(𝑣𝑖, 𝑣𝑗)} denote the set of verse pairs annotated as intertextual references

(i.e., the gold standard). For each verse 𝑣, I compute a sentence embedding using LaBSE.
For all pairs (𝑣𝑖, 𝑣𝑗) ∈ 𝒫intt, compute:

cosine(𝑣𝑖, 𝑣𝑗) = e𝑖 ⋅ e𝑗
‖e𝑖‖‖e𝑗‖

Where 𝑒𝑖 = LaBSE(𝑣𝑖 ) and 𝑒𝑗 = LaBSE(𝑣𝑗 ). This yields a distribution of semantic
similarity scores for the intertextual pairs, denoted 𝐷intt.

To interpret this distribution, I compare it against a control distribution 𝐷random con-
structed by replacing one verse in each gold pair with a randomly selected verse from the
same chapter. This preserves general topical consistency while removing the intentional
intertextual connection, offering a meaningful baseline:

𝒫rand = {(𝑣𝑖, 𝑣𝑘) ∣ 𝑣𝑘 ≠ 𝑣𝑗 ∧ 𝑣𝑘 ∈ same chapter as 𝑣𝑗}

I define the intertextuality ratio (𝑅𝑖𝑛𝑡𝑡) as the ratio of the mean similarity for gold refer-
ences to that of the random baseline:

𝑅𝑖𝑛𝑡𝑡 = 𝔼[𝐷intt]
𝔼[𝐷random]

A ratio 𝑅𝑖𝑛𝑡𝑡 ≫ 1 indicates strong intertextual coherence, while a ratio 𝑅 ≤ 1 suggests
that the supposedly intertextual verses are no more similar than might arise from chance.

To assess the stability of this ratio, I compute 95% confidence intervals using boot-
strapping. Specifically, I resample the gold pairs in 𝒫intt with replacement 10,000 times.
For each resample, I recompute the intertextuality and random distributions, yielding a
bootstrapped estimate of the ratio between the two means. This process results in an em-
pirical distribution over ratio values, from which I extract the 2.5th and 97.5th percentiles
to form the 95% confidence interval.

I compute intertextuality ratios across all corpora—original, human, and machine-
translated—splitting the reference set into those that occur within a single testament
(within) and those that span between testaments (across). This allows us to test whether
translation influences the degree of semantic alignment, particularly in how the New
Testament refers to the Old.

Throughout Christian theological history, the continuity between the Jewish and
Christian scriptures has been strongly emphasised (van der Waal, 1980). It is plausible
that human translators, aware of such theological framing, may unconsciously reinforce
intertextual connections. By contrast, machine translation models lack such priors. Mea-
suring the shift in intertextuality ratios between human and machine translations thus
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offers a novel empirical test of whether theological intertextuality is a product of the
source text or introduced in translation.

4.5.0.1 Benchmark Corpus

To validate this method, I apply the same intertextuality ratio to a well-studied corpus:
Valerius Flaccus’ Argonautica I and its known literary echoes from earlier Roman authors.
I compute a ratio of 1.55 (95% CI: [1.53, 1.56]), confirming that this method can reliably
detect corpus-level intertextual coherence in established literary datasets. The full results
across translation settings and reference types are reported in Table 4.6.

4.6 Machine Translation Experiments
To assess how machine translation affects intertextual structure, I translate all source
manuscripts into five typologically diverse target languages using Cohere’s Aya23 multi-
lingual model7 (Aryabumi et al., 2024). Aya23 outperforms many multilingual models of
similar or larger size on machine translation benchmarks, while remaining practical for
academic use on limited compute resource. I employ a few-shot prompting setup: for each
target language, I construct a static prompt containing four example verse translations
drawn from the human-translated JHUBC8. The full prompt for GRC → English is:

7I use the 8B parameter version, accessed through the Huggingface Hub (Wolf et al., 2020).
8Ideally, these translations would be drawn from other parallel sources, but for most of the translation

pairs (e.g. Ancient Hebrew → Marathi), the Biblical texts are the only parallel data available.
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Ancient Greek Translations

1. Ancient Greek:
"Ο δε αποκριθεις ειπεν αυτοις· οψιας γενομενης λεγετε· ευδια, πυρραζει γαρ
ο ουρανος."
English: “He answered and said unto them, When it is evening, ye say, It will be
fair weather: for the sky is red.”

2. Ancient Greek:
"φανερωθεντος δε νυν δια τε γραφων προφητικων κατ᾽ επιταγην του αιωνιου
θεου εις υπακοην πιστεως εις παντα τα εθνη γνωρισθεντος,''
English: “But now is made manifest, and by the scriptures of the prophets, ac-
cording to the commandment of the everlasting God, made known to all nations
for the obedience of faith:”

3. Ancient Greek:
"Ταυτα δε, αδελφοι, μετεσχηματισα εις εμαυτον και Απολλων δι᾽ υμας, ινα
εν ημιν μαθητε το μη υπερ α γεγραπται φρονειν, ινα μη εις υπερ του ενος
φυσιουσθε κατα του ετερου.''
English: “And these things, brethren, I have in a figure transferred to myself and
to Apollos for your sakes; that ye might learn in us not to think of men above that
which is written, that no one of you be puffed up for one against another.”

4. Ancient Greek:
"λεγω δε υμιν οτι του ιερου μειζον εστιν ωδε.''
English: “But I say unto you, That in this place is one greater than the temple.”

5. Ancient Greek:
“<INPUT_TEXT>”
English:

Preprocessing: To minimise orthographic noise, I also remove all niqqud (vowel point-
ings) and diacritics from the ancient source text. Empirically, I find that the inclusion
of diacritics dramatically decreases LaBSE’s efficacy on semantic retrieval from Ancient
Greek and Hebrew.

Generation: At inference time, I use a maximum output length of 100 new tokens.
I use the default BPE tokeniser with all of the default settings.

Post-Processing: I find that I need to post-process the outputs: I use regular expres-
sions to isolate the text generated inside the first set of quotation marks after the prompt
and exclude the rest. This is necessary to prevent nonsensical continued generations
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Source Manuscript
Target Hebrew OT Greek OT Greek NT

English 69.5 61.2 72.6
Finnish 47.6 43.9 48.8
Turkish 66.7 65.4 68.2
Swedish 54.0 53.7 56.0
Marathi 27.6 26.5 29.8

Table 4.5: COMET scores. The top-scoring translation for each source manuscript is in bold
text. The second top-scoring translation is in italics.

(often hallucinated urls to online Bible resources).
N.B. Although the Greek Septuagint is itself a translation of the Hebrew Bible, I

treat it as a source text. This choice is historically justified: New Testament authors
often quote the Septuagint directly rather than the Hebrew. Thus, the Septuagint acts
as a de facto canonical text within the Christian tradition.

I evaluate two aspects of translation:

• Translation Quality: Measured using COMET (Rei et al., 2020), a neural evalu-
ation metric which assess adequacy and fluency against human references. Within
the range 0 → 100, a higher COMET score indicate greater adequacy and fluency.

• Intertextuality Preservation: This is my novel 𝑅𝑖𝑛𝑡𝑡 value, calculated using
LaBSE-based semantic similarity between aligned verse pairs (intertexts), evaluat-
ing how well translation preserves allusions across texts. The range of a semantic
similarity score is in [0, 1], where a scores of 1 indicates perfect similarity and 0
indicates no similarity. 𝑅𝑖𝑛𝑡𝑡 is a ratio of the semantic similarity of intertexts
compared to that of unrelated verses. A ratio greater than 1 indicates strong inter-
textual signal, while a ratio of less than 1 indicates that the intertextual signal is
not distinguishable from noise.

4.6.1 Translation Quality

Table 4.5 reports COMET scores for machine translations from three Biblical source
corpora—the Hebrew Old Testament (OT), Greek OT, and Greek New Testament (NT)—
into five target languages. Across all source texts, English translations receive the highest
overall COMET scores, with values of 69.5 (Hebrew OT), 61.2 (Greek OT), and 72.6
(Greek NT). These results are consistent with expectations: English is the primary work-
ing language of most large-scale pretrained translation models and benefits from an abun-
dance of high-quality Biblical and general-domain parallel corpora. Additionally, many
source editions of these texts are already translated into English with considerable care,
contributing further to the model’s ability to generate natural outputs.
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Turkish translation consistently ranks second, with scores close to those of English:
66.7, 65.4, and 68.2 for the Hebrew OT, Greek OT, and Greek NT, respectively. These
relatively strong results are somewhat surprising given that Turkish is not typically con-
sidered a high-resource language in the Biblical domain. However, Turkish benefits from
multiple modern Bible translations and is often included in multilingual training corpora,
which may contribute to its high performance. Notably, Turkish outperforms English for
the Greek OT and achieves the second-highest score across all corpora, suggesting robust
generalisation in the model’s treatment of Turkish Biblical language.

Swedish performs in the mid-range, with scores between 53 and 56 across all sources.
As a Germanic language like English, Swedish likely shares some structural and lexical
similarity that aids the translation model. Moreover, Sweden has a long history of Bible
translation, which may support the model’s performance despite a smaller amount of
available training data compared to English or Turkish.

Finnish follows a similar pattern, though with slightly lower scores ranging from 43.9 to
48.8. Finnish’s greater typological distance from the source languages and from other Indo-
European target languages likely makes accurate translation more difficult. Its complex
morphology and agglutinative structure pose additional challenges for models trained
primarily on fusional or analytic languages.

At the bottom of the performance range is Marathi, with scores of 27.6 (Hebrew OT),
26.5 (Greek OT), and 29.8 (Greek NT). Marathi is a low-resource Indic language with
relatively limited availability of high-quality Biblical parallel data. Its low scores illustrate
the substantial gap in translation quality for underrepresented languages, particularly
when the source material is complex, ancient, and semantically dense. These results
highlight the limitations of current multilingual translation models in reaching equitable
performance across languages, especially in low-resource religious or historical domains.

A few trends emerge from comparing scores across source corpora. The Greek NT
source text consistently produces the highest COMET scores for each target language.
This could be due to the Greek NT’s generally simpler literary register, as it is in large
part comprised of short epistolary writings and narrative passages composed by non-
native Greek speakers. The Greek OT produces lower scores than the Hebrew OT for all
languages except Turkish, suggesting that the Septuagint may be more challenging for
the model due to its hybrid translation style and textual variability.

In summary, these results demonstrate that translation quality is not only a function
of the source and target language pair but also the characteristics of the source corpus.
High-resource languages like English and moderately resourced ones like Turkish perform
best, while low-resource languages like Marathi significantly lag behind. These disparities
underline the importance of continued efforts to improve translation quality for underrep-
resented languages, particularly in domains of cultural and religious significance.
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4.7 Intertextuality Preservation

Within Across
Jewish (OT) Christian (NT)

O
rig

. Ancient Hebrew 0.98± 0.14 – –
Ancient Greek 1.27± 0.21 1.30±0.19 1.31± 0.20

H
um

an

English 1.66± 0.21 1.70± 0.30 1.69± 0.27
Finnish 1.42± 0.41 1.36± 0.53 1.48± 0.22
Turkish 1.50± 0.18 1.43± 0.29 1.51± 0.12
Swedish 1.33± 0.15 1.39± 0.12 1.37± 0.09
Marathi 1.35± 0.12 1.42± 0.12 1.44± 0.10

N
M

T

English 1.32± 0.20 1.50± 0.17 1.48± 0.20
Finnish 1.24± 0.22 1.28± 0.18 1.26± 0.11
Turkish 1.60± 0.15 1.71 ± 0.12 1.52± 0.32
Swedish 1.31± 0.22 1.29± 0.31 1.36± 0.30
Marathi 1.02 ± 0.10 1.22± 0.25 1.30± 0.18

Table 4.6: 𝑅𝑖𝑛𝑡𝑡 for source manuscripts and their human translations. Ratios within,
and where possible between, testaments, for the Septuagint and TAGNT (Greek), TAHOT
(Hebrew), and five human translations with 95% CI.

Table 4.6 presents intertextuality ratios (𝑅𝑖𝑛𝑡𝑡) for the original source manuscripts in
Ancient Hebrew and Ancient Greek, as well as for their human and machine translations
into five modern languages. These ratios, defined in section Section 4.5, quantify the
degree to which semantic similarity between intertextually linked passages is preserved,
with higher values indicating stronger intertextual cohesion. Importantly, we include
the associated 95% confidence intervals, which help to allay the possibility of spurious
analysis.

Starting with the original texts, the Ancient Hebrew corpus, representing the Jewish
Old Testament, shows an intertextuality ratio of 0.98 ± 0.14. This value, close to 1.0,
suggests a modest but detectable degree of thematic and linguistic reuse within the Hebrew
Bible. In contrast, the Ancient Greek corpora show consistently higher ratios: 1.27±0.21
within Jewish (OT) texts, 1.30 ± 0.19 within Christian (NT) texts, and 1.31 ± 0.20
across testaments. Although the Greek means exceed the Hebrew baseline, the confidence
interval for Ancient Hebrew overlaps partially with those of the Greek measures, indicating
that this difference should be interpreted as a strong trend rather than a strictly significant
separation. Nevertheless, the consistent elevation across all Greek conditions suggests
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systematically stronger intertextual cohesion in the Greek source tradition. This pattern
plausibly reflects both translational harmonisation in the Septuagint and the deliberate
reuse of Old Testament language and motifs within the New Testament.

Human translations show further amplification of 𝑅𝑖𝑛𝑡𝑡, particularly in English, though
the degree to which languages differ from one another varies once uncertainty is taken into
account. English attains the highest mean ratios across all axes (1.66±0.21 for the Jewish
OT, 1.70 ± 0.30 for the Christian NT, and 1.69 ± 0.27 across testaments). While these
values are clearly higher than those observed for the source languages, their confidence
intervals overlap with those of Turkish and, to a lesser extent, Swedish. Consequently,
English cannot be said to significantly outperform all other human translations, although
it does form part of a high-performing group characterised by consistently elevated inter-
textuality ratios.

Turkish human translations likewise show relatively high 𝑅𝑖𝑛𝑡𝑡 values with moderate
uncertainty, overlapping with English across conditions. In contrast, Finnish and Marathi
exhibit lower means accompanied by wider confidence intervals. Marathi, in particular,
occupies the lower end of the human translation range, and its confidence intervals show
limited overlap with those of English and Turkish, indicating a more substantial difference
in intertextual preservation. Swedish occupies an intermediate position, with ratios that
overlap with both higher- and lower-performing languages, suggesting moderate preserva-
tion without a clear separation from either group.

Machine translation outputs reveal a similar but more compressed pattern. Turk-
ish NMT achieves the highest mean ratios among machine-translated languages, and in
some cases these values exceed those of the corresponding human Turkish translations.
However, the associated confidence intervals overlap substantially, indicating that these
apparent gains should be interpreted cautiously rather than as definitive improvements.
English and Swedish NMT outputs yield ratios comparable to their human counterparts,
with overlapping confidence intervals that suggest broadly similar levels of intertextual
preservation. Finnish and Marathi NMT results are notably lower, and for Marathi in
particular the confidence intervals show minimal overlap with those of higher-resource
languages, indicating a meaningful degradation in intertextual coherence under machine
translation.

Overall, once standard error is taken into account, the results indicate fewer sharp dis-
tinctions between high-resource languages than might be inferred from mea values alone.
Clear separations emerge primarily between source languages and translations, and be-
tween high-resource and low-resource target languages. The Greek originals consistently
trend higher than the Hebrew corpus, human translations tend to amplify intertextual
cohesion relative to source texts, and machine translation preserves these patterns un-
evenly, with the most pronounced failures occurring in under-resourced languages. These
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Original Heb ὅτι ἵλεως ἔσομαι ταῖς ἀδικίαις αὐτῶν, καὶ τῶν ἁμαρτιῶν αὐτῶν οὐ
μὴ μνησθῶ ἔτι.

Isa ἐγώ εἰμι ἐγώ εἰμι ὁ ἐξαλείφων τὰς ἀνομίας σου καὶ οὐ μὴ
μνησθήσομαι.

Human Heb For I will be merciful to their unrighteousness, and their sins and their
iniquities will I remember no more.

Isa I, even I, am he that blotteth out thy transgressions for mine own sake,
and will not remember thy sins.

NMT Heb For I will beware of their iniquity, and their sinner’s iniquity; for I will
not abhor them:

Isa I am the last of thy iniquitous acts, and I hate not myself.

Table 4.7: Overemphasized Intertextuality by Human Translation. The intertextuality
from Hebrews 8:12 to Isaiah 43:25 is amplified by the human translator’s decision to render
different words as “sin”. The machine translation abstains from this and restores the original
distance, but loses coherence.

findings underscore the importance of interpreting intertextuality metrics through their
associated uncertainty and highlight the need for targeted improvements in low-resource
machine translation settings where intertextual fidelity remains fragile.

4.7.1 Key Findings

• Human translations tend to amplify intertextuality, producing similarity scores con-
sistently higher than those of the original texts.

• Machine translations generally preserve the relative patterns of intertextuality across
books and testaments, but this effect is entangled with subpar translation quality.

• The English human translation preserves intertextuality most strongly, while Marathi
shows the weakest preservation, both in human and machine settings.

4.7.2 Qualitative Example: Overtranslation of Allusions

To better understand how human and machine translations differ in handling intertextu-
ality, I compare one intertextual pair from Hebrews and Isaiah in Table 4.7, showing the
original Greek, the human English translation, and the unconstrained machine translation
for one such pair, between the Epistle to the Hebrews and the Book of Isaiah. The pair
of verses has strong similarity in the original Greek (0.332), but this is nearly doubled by
the human English translation (0.656). The highlighted Greek word, hamartion, typically
translated as sin, occurs in Hebrews but not Isaiah, yet the latter’s human translation
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makes a point of using the term. Surface-level lexical decisions like this, and presum-
ably many less direct choices, lead to uncalibrated translations that reinforce the received
interpretation.

This example highlights a broader trend: human translators often harmonize phrasing
to strengthen theological continuity, while machine translations retain more semantic
distance between verses. This supports the use of machine translation as a tool for
analysing historical patterns of intertextuality with fewer doctrinal or stylistic biases.

4.8 Limitations and Future Work
The current evaluation of intertextual translation operates under a deliberately con-
strained setup: I translate isolated verses with no preceding or surrounding context. This
is a stark departure from how human translators work, who rely heavily on both immedi-
ate narrative context and broader intertextual resonances. While this setup allows us to
control for direct influence and assess learned translation behaviour at the verse level, it
underrepresents the full range of cues available in actual human translation.

In future work, I propose a retrieval-augmented generation setup that more faithfully
models the translator’s cognitive environment. Using multilingual semantic encoders such
as LaBSE, I could retrieve the 𝑘 most semantically similar verses from the source text,
surface their human-translated equivalents in the target language, and feed these into
the translation model. Unlike the current fixed, randomly sampled context (identical
for all target languages), this dynamic, semantically motivated context would be specific
to each verse and language pair. Such a setup would allow us to test the hypothesis
that intertextuality preservation is a learnable behaviour for LLMs: that, when provided
with the right contextual evidence, language models can learn to preserve higher-order
narrative and theological linkages across languages.

Another limitation lies in the quality and consistency of parallel Bible corpora. Mis-
alignments between source and target verses are unfortunately common in the JHUBC,
and these misalignments introduce noise into both the training and evaluation metrics.
Future work should apply robust multilingual alignment algorithms, such as those pro-
posed by Bamman and Crane (2009) to achieve more consistent verse-level alignment
across languages. This would increase the reliability of both contrastive and token-level
evaluations of intertextual translation.

Finally, this study has focused on verse-level phenomena. Yet many of the intertex-
tual connections I aim to evaluate—particularly typological or figural correspondences—
manifest at the level of narrative episodes, not isolated verses. A natural extension of
this work is to explore models’ ability to handle extended narrative context, perhaps by
comparing episode-level embeddings or analysing translation consistency across canonical
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type-scenes.

4.9 Conclusion
This chapter explored whether pretrained multilingual models can preserve intertextual
structure across translations, specifically in the domain of Biblical texts. I introduced a set
of test cases where source verses exhibit strong allusive or typological links to earlier texts,
and examined whether these links are preserved across multiple target languages. I also
proposed a novel evaluation metric, 𝑅𝑖𝑛𝑡𝑡, designed to capture deviations from a baseline
level of intertextuality across translational shifts, and I used this metric to evaluate human
and machine translations of Biblical texts. I found suggestive evidence that pretrained
models sometimes—but not consistently—capture these structured relations. While the
models demonstrate some sensitivity to shared theological or narrative frames (e.g., when
translating Genesis 1:1 and John 1:1), their ability to preserve structured intertextuality is
limited by context size, alignment quality, and the absence of explicit narrative modelling.

These findings point to a broader conclusion about the capacities and limits of pre-
trained language models. While they are remarkably effective at capturing surface-level
semantic correspondences, their grasp of structured phenomena—such as intertextual allu-
sion, typological foreshadowing, and narrative recurrence—remains incomplete. Structure,
in this case, is not purely syntactic or distributional but conceptual: it requires modelling
texts as networks of meaning and reference, often across vast spans of discourse.

The next chapter extends this investigation into structure by turning from intertextual
translation to retrieval of type-scenes, a narrative-level phenomenon involving recurring
story structures across texts. There, I shift from translation to retrieval, and from verses
to episodes, but the core question remains the same: to what extent do pretrained models
implicitly encode structured knowledge about narrative?
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5
Exploring Narrative Type-Scenes in the

Hebrew Bible

Our two previous chapters investigated tasks in which pretrained embeddings success-
fully captured local rhetorical structures, such as chiasmus, and meta-textual phenomena
including intertextuality. These tasks align closely with language models’ strengths in
semantic representation. In contrast, this chapter1 addresses a more structurally complex
challenge: the identification of narrative type-scenes—recurring, prototypical story pat-
terns that demand reasoning over events, participant roles, and character relationships.
As recent work highlights, most pretrained language models struggle with structured data
tasks in the absence of explicit structure-aware pretraining, limiting their ability to gen-
erate effective representations for retrieval and reasoning (Li et al., 2023a). This presents
a significant challenge for type-scene identification, which inherently involves complex,
hierarchical narrative knowledge.

This task, largely unexplored within natural language processing, shifts the empha-
sis from lexical semantics toward procedural and relational understanding. To ground
our study, I focus on a canonical example: the betrothal type-scene in Biblical narra-
tive, curating a evaluation dataset from existing scholarship, and comparing a number of

1The seed of this work was originally published as a long paper at the first workshop on Machine Learn-
ing for Ancient Languages (ML4AL) at ACL 2024 (McGovern et al., 2024) and subsequently presented
as a dissemination paper at the Text2Story 2025 Workshop. My coauthors on the paper functioned in an
advisory role. The contents of this chapter reflect a substantially modified version of the original work.
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pretrained models for type-scene retrieval.

5.1 Type Scene: A Fixed Constellation of Motifs
The term type-scene originates in Homeric scholarship, where it denotes a ‘repetitive
compositional pattern’ that recurs across Greek epics, marking key narrative waypoints
in a protagonist’s journey (Arend, 1933). Biblical scholars, notably Robert Alter, have
adapted this concept to characterise the repeated use of analogous narrative patterns in
Biblical texts, where similar story structures unfold either around different characters or
the same character under varying circumstances (Alter, 1978).

I conceptualise type-scene extraction as a structured information retrieval task. Given
a query passage or narrative scene, the goal is to retrieve thematically similar passages
(candidates) from a corpus. For example, a query involving one rivalry between a barren
but favoured wife would surface narrative passages surrounding Sarah and Hagar, Rachel
and Bilhah, Leah and Zilpah (Alter, 1978).

Type-scenes align with a broader literary tradition concerned with recurrent narrative
structures—fixed constellations of motifs that can manifest across varied characters and
settings. This encompasses well-established concepts such as Propp’s dramatis personae
and their narrative functions in folktales (Taylor et al., 1959), as well as the notion of figura
in Biblical hermeneutics, which captures similarities in event structures or accompanying
circumstances across different stories (Auerbach, 1959; Sirin and Lippincott, 2024).

Alter (1983), Fuchs (1987), Britt (2002), and Press (2016) build on Alter (1978) to
expand the catalogue of type-scenes present in the Hebrew Bible to those seen in Table 5.1.

Type-Scene Description Example Scholarly Support
1. A man meets a woman by a well Genesis 24:11 Alter (1978), Fuchs (1987)
2. An angel announces a barren woman
will bear a child

Judges 13:3 Alter (1983)

3. The younger son is preferred to the
older son

Malachi 1:2–3 Greenspahn (1994)

4. God sends a prophet to speak to a
rebellious people

Jonah 1:1–3 Long (1973)

5. A man has an epiphany in the field Ezekiel 1:1 Alter (1978)
6. A prophet veils his face Exodus 34:33 Britt (2002)
7. A well is found in the desert Genesis 16:7 Alter (1978)
8. The words of a dying hero Genesis 50:25 Alter (1978)
9. A hero is tempted Judges 16:6 Alter (1978)

Table 5.1: Common Biblical Type-Scenes and Their Scholarly Attestations. This
table summarizes frequently recurring narrative patterns (“type-scenes”) in Biblical liter-
ature, along with examples and key scholarly references.
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These constellations are not static repetitions; they undergo adaptive modifications in each
instantiation, producing nuanced meanings that contribute to the interpretive richness of
the text. This interplay between fixed pattern and variation will be explored through
detailed examples in this chapter.

5.2 Related Work
Recent scholarship increasingly emphasises the necessity of integrating theoretical frame-
works from the humanities with computational methodologies—such as information re-
trieval, summarisation, commonsense reasoning, and event detection—to deepen narra-
tive understanding and unlock novel practical applications (Piper et al., 2021b). This
convergence highlights that tasks demanding comprehension of complex correspondence
networks, and their mapping onto well-defined theoretical constructs, remain beyond the
capabilities of current pretrained language models. This is particularly true when ap-
plied to specialised domains outside their training distribution. Despite rapid advances,
generalised reasoning abilities necessary for such tasks have yet to be fully realised.

5.2.1 Narrative Type Classification

The automatic classification of themes, motifs, and character functions within narrative
texts presents a formidable challenge, often beset by scarce annotated corpora and the
absence of coherent ontological frameworks. One prominent line of inquiry concerns the
computational modelling of folktales through the lens of Propp’s taxonomy. Pioneering
efforts such as those by Finlayson (2015) and Yarlott and Finlayson (2016) assembled
the ProppLearner corpus, featuring a rigorously annotated dataset of Russian folktales
explicitly designed to train models for the classification of folktale narrative functions.

More recent investigations have explored few-shot learning paradigms leveraging LLMs
to annotate stories with Proppian functions directly from textual synopses. For example,
Gervás and Méndez (2024) examine the efficacy of prompting models like ChatGPT and
Gemini for this task, noting their apparent linguistic fluency but identifying persistent is-
sues with hallucinated or contextually inaccurate annotations. This exposes the challenges
LLMs face in reliably grounding narrative function tagging in domain-specific knowledge.

Other efforts, such as Yarlott et al. (2022), apply off-the-shelf metaphor detectors
to motif detection tasks on annotated narrative data, albeit with limited performance
(F1 score around 0.35), further highlighting the complexity inherent in automated motif
recognition.

Character identification and classification have also been explored through an extended
ProppLearner corpus. For instance, Jahan and Finlayson (2019) analyse annotated folk-
tales as well as a curated subset of 94 stories from a corpus of stereotypical activity ‘scripts’
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focused on the activity of ‘taking a bath.’ Employing features such as coreference chain
length, semantic subject roles, named entity recognition, and WordNet-based person-
hood tagging, their support vector machine classifier achieved impressive F1 scores (0.81
and 0.99) on different datasets. These results indicate that with sufficiently fine-grained
annotations, character classification tasks become tractable for conventional supervised
learning methods.

Extending this foundation, Jahan et al. (2020) emphasise the importance of narrato-
logical grounding, particularly focusing on ‘animate’ characters critical to plot progression,
and advocate for coreference-based feature engineering. In subsequent work, Jahan et al.
(2021) employ unsupervised 𝑘-means clustering over coreference chains representing ani-
mate entities, successfully inducing six out of seven prototypical dramatis personae aligned
with Proppian categories solely from structural plot information.

Collectively, these studies suggest that when high-quality, task-specific annotations are
available, narrative classification can be effectively learned. Conversely, LLMs currently
struggle with hallucination and produce superficially fluent yet often incorrect annotations
in the absence of such data. In domains lacking grounded ontological frameworks or large
annotated datasets, supervision signals must therefore be indirect or weakly supervised.

Bamman et al. (2013) curate a corpus of movie plot summaries and extract typed
dependency relations (agent, patient, modifier) to cluster characters into latent personas,
under the premise that characters sharing a persona exhibit common attributes and par-
ticipate in similar actions. They augment this approach with crowdsourced annotations
and validate clusters via indirect metrics—such as consistency of character clusters across
movie sequels (e.g., Indiana Jones consistently classified as a ‘hero’ persona). Extending
this work, Bamman et al. (2014) propose Bayesian mixed-effects models incorporating au-
thor metadata to better capture authorial influence on persona distributions, comparing
several model variants to isolate the effects of persona and authorial style.

5.2.2 Information Retrieval

Information retrieval (IR) broadly aims to identify and rank relevant documents or pas-
sages in response to queries; dense retrieval approaches, which embed queries and docu-
ments into shared vector spaces, have demonstrated superior flexibility and recall com-
pared to sparse keyword-based methods.

The retrieval task bears resemblance to aspect-based document similarity paradigms.
For example, Ostendorff et al. (2020) leverage citation contexts within academic literature
to infer thematic similarity between documents. The Bible’s canonical chapter and verse
divisions afford a structurally analogous framework, enabling us to treat verses or verse
clusters as retrieval units annotated by narrative features.

Particularly relevant is the approach of Thai et al. (2022), who develop a model for re-
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trieving primary textual evidence from literary sources in support of claims articulated in
scholarly commentary. Their dual encoder architecture jointly embeds source quotations
and scholarly passages which cite them. The encoder is then trained with a contrastive
loss objective and in-batch negative sampling. This enables retrieval of textual evidence
for paraphrased or out-of-domain queries—e.g., retrieving passages from Pride and Prej-
udice supporting the statement ‘Elizabeth is frustrated with her mother.’ Their work
illustrates the promise of retrieval models capable of nuanced recognition beyond exact
lexical matches.

5.2.3 Prior Work and Research Gap

My first version of this work, (McGovern et al., 2024), adapted the setup of Thai et al.
(2022) to Biblical text retrieval. In it, I used a RoBERTa-based dual encoder with con-
trastive triplet learning to encourage Bible verses connected by a cross-reference (the same
data used in Chapter 4) to exhibit closer co-location in latent space. I then used these
embeddings to rank all possible verses by similarity to a type-scene query – a one-line
type-scene description such as, ‘An angel announces a barren woman will bear a child’2.
This approach provided qualitatively decent results, but faced several limitations: cross-
references indicate a connection between verses for many reasons, only some of which
include thematic or typological similarity. They may also indicate lexical overlap, men-
tion of the same historical event (as in the military campaigns dually recorded in the books
of Kings and Chronicles), or a direct quotation of earlier scripture. So the informational
signal provided the cross-references is not guaranteed to aid the type-scene identification
task. Furthermore, my previous work posed type-scene retrieval as a verse-level task,
when it is more naturally formulated as a scene-level task. I also lacked an evaluation
corpus, which limited my analysis to qualitative exploration rather than metric-based
evaluation.

This chapter aims to address these challenges in former work by developing a (small)
evaluation set to measure retrieval of specific instances of a canonical type-scene—the
betrothal by a well. This set includes manually chosen hard negatives, and, crucially, all
examples are included as a passage/scene rather than as individual verses. I also remove
the contrastive learning setup to instead directly compare different pretrained models
(sentence encoders and structure-aware encoder-decoder models) to linguistic baselines.

2This analysis was done in the original text languages, so the queries were likewise in Ancient Greek
and Ancient Hebrew.
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5.3 Curating an Evaluation Corpus
I introduce a small but carefully curated evaluation corpus designed to test narrative
pattern recognition in scriptural texts – specifically, seven instances of the betrothal type-
scene (Table 5.2). Unlike synthetic or randomly sampled benchmarks, the dataset is
grounded in long-standing scholarly work. These patterns encode cultural norms, charac-
ter development, and theological meaning, making them especially rich targets for evalu-
ating a model’s capacity for analogical reasoning and narrative understanding.

Canonical Description Support
Genesis 24:10–61 Abraham’s servant meets Rebekah by a well. Alter (1978)
Gold Standard
Genesis 29:1–20 Jacob meets Rachel by a well. Alter (1978)
Exodus 2:15b–21 Moses meets Zipporah by a well. Alter (1978)
Variants
1 Sam 9:11–12 Saul meets women by a well while in search of

his lost donkeys.
Alter (1978)

Ruth 2 Boaz meets Ruth in a field. Alter (1978)
Judges 14 Samson seeks a Philistine woman without for-

malities.
Alter (1978)

John 4:4–42 Jesus meets a Samaritan woman by Jacob’s well. Arterbury (2010)

Table 5.2: Well-Encounter Type Scenes in Biblical Narrative. Passages are
grouped into a canonical prototype, gold standard matches, and partial variants.

Crucially, scene boundaries in this dataset are not defined by fixed-length context windows
but are determined by scholarly exegesis. This reflects the underlying narrative logic of the
text rather than arbitrary token limits. Future work may extend this effort by developing
automatic scene segmentation tools. However, I note that the task of identifying what
constitutes a ‘scene’ or a meaningful narrative unit is itself a complex problem in both
literary studies and NLP.

For the corpus, I use the English translation provided in the Johns Hopkins University
Biblical Corpus (JHUBC) (McCarthy et al., 2020). While this exploratory work uses
English text, I mark as future work the extension to the original languages (Biblical
Hebrew and Koine Greek). As I explored in Chapter 4, translations may obfuscate literary
and rhetorical features of the original text, and lexical links between type-scenes may be
more readily apparent in the ancient sources. This extension would likely require advances
in parsing tools for Ancient Hebrew in particular, including semantic role labelling (SRL)
and dependency parsing.

The evaluation corpus distinguishes between the prototypical instances (attested in
scholarship as archetypal), gold-standard analogues, and variants, which include subver-
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sions or partial instantiations of the motif.

5.3.1 Canonical Type-Scene: The Encounter at the Well

I focus our prototype evaluation on one of the most widely attested type-scenes in Biblical
narrative: the encounter between a man and a woman at a well. According to Robert
Alter’s authoritative work on Biblical type-scenes the ‘well-meeting’ motif functions both
as a courtship narrative and a literary signal of divine or covenantal selection. Alter
outlines a basic structure for the well-encounter scene (repeated from Chapter 2):

A future bridegroom travels to a foreign land.

He encounters a maiden by a well.

The maiden draws him water.

She brings home the news of the stranger’s arrival.

The betrothal is arranged between families.

Later episodes (Jacob-Rachel, Moses-Zipporah) follow this pattern closely but with vari-
ations that Alter (1983) argues provide the audience a glimpse into the psychological
profile of characters in an otherwise incredibly laconic text.

5.3.2 Gold Standard

Episodes widely accepted in the scholarly literature as clear instantiations of the well-
encounter type-scene include:

Genesis 29:1–20: Jacob meets Rachel at a well and demonstrates strength by rolling
away the stone covering the well’s opening.

Exodus 2:15b–21: Moses aids Zipporah and her sisters, the daughters of Jethro, in
drawing water, and shortly after will marry Zipporah.

These instantiations follow the procedural schema almost exactly and function as
benchmarks in the corpus. Note that even in these clear type-scenes, there are slight
variations (Zipporah is with her sisters, Jacob is more proactive in seeking a wife than
Isaac, etc.).

5.3.3 Variants

Some episodes subvert or abbreviate the type-scene. These ‘aborted’ or allusive forms
are crucial for evaluating nuanced recognition (Alter, 1983). Their absence is often as
meaningful as their presence, shaping character perception in these highly laconic texts:
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1 Samuel 9: Saul meets maidens near a well but fails to initiate a courtship or
dialogue—his passivity foreshadows his failure as king: ‘…the deflection of the anticipated
type-scene somehow isolates Saul, sounds a faintly ominous note that begins to prepare
us for the story of the king who loses his kingship, who will not be a conduit for the future
rulers of Israel, and who ends skewered on his own sword.’ (Alter, 1978).

Ruth 2: Boaz meets Ruth in a field, not at a well, but the language of naʿărah
(‘maiden’) and the themes of provision and marriage evoke the type-scene indirectly. The
application of the term ‘maiden’ to Ruth is particularly salient, as Ruth is a widow at
the beginning of the story rather than a young virgin. There are other surprises as well:
it is Ruth, not Boaz, who is the one travelling in a foreign land, and Naomi, Ruth’s
mother-in-law, who will (discreetly) arrange the match.

Judges 14: Samson seeks a Philistine wife without the hospitality and narrative
buildup typical of the scene, signalling his outsider status and willingness to disobey the
ritual and religious law of his people.

John 4: While type-scenes are less common in the New Testament, Arterbury (2010)
suggests a clear link between a narrative episode in John 4 with the well-encounter
type-scene. In this episode, Jesus, travelling through a foreign land (Samaria), meets
a Samaritan woman at Jacob’s well (referencing Genesis 29). Their exchange echoes the
conventional type-scene but in deliberately subversive ways. First, instead of drawing
water from the well, Jesus offers ‘living water’ that quenches all thirst. Second, he iden-
tifies the woman’s checkered marital history, subverting the marital expectations of the
schema. Finally, the woman runs to tell her community about the arrival of this foreign
man. Whereas Old Testament well-encounters typically advance the covenantal lineage
of Abraham (Alter, 1978), Jesus’ encounter reconfigures the type-scene into a moment
of revelation—one that affirms his identity as the awaited Jewish Messiah and ultimate
fulfilment of Abraham’s line.

5.3.4 Negative sampling

To evaluate retrieval or classification systems, I require negative examples: narrative
episodes that do not instantiate the type-scene, even if they contain semantically similar
elements. These were manually curated using keyword queries from StepBible3, using
their cross-linguistic corpus search tool. I searched for occurrences of:

• אִשָּׁ͏ה - (ishah, “woman” or “wife”)

• נַעֲרָה - (ʿalmāh, “virgin”)

• בְּ͏אֵר - (be’er, “well”)
3https://www.stepbible.org/
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I intentionally excluded the search term אִישׁ͏ (ish, ‘man’), due to its ubiquity and therefore
low saliency. I also exclude any verses that overlap with type-scene instances.

For each candidate verse, I extracted a 13-verse context window (6 verses before and
after), matching the average length of gold standard scenes. While relatively naive, this
manual negative sampling provides sufficient contrast to test retrieval models. I flag
as future work the use of automatic scene boundary taggers and clustering methods to
identify false positives or overlooked variants. In total, I provide a dataset of one canon-
ical instance, two gold-standard positive instances, four noted variants, and 45 negative
instances.

5.4 Type-Scene Identification as Information Retrieval
This study focuses on the task of identifying the most relevant candidate passage within
a set of Biblical scenes given a query passage.

Formally, given a query 𝑞 and a structured data document (candidate) 𝑐, I apply
an embedding function 𝑓 to generate vector representations of both the query and the
candidate: ℎ𝑞 = 𝑓(𝑞) and ℎ𝑐 = 𝑓(𝑐). I then compute a similarity score between these
representations, defined as

𝑓(𝑞, 𝑐) = 𝑠𝑖𝑚(ℎ𝑞 , ℎ𝑐 )

where sim(⋅, ⋅) denotes the dot product function, measuring the relevance between the
query 𝑞 and candidate 𝑐.

I evaluate several embedding strategies: a baseline naive approach using bag-of-words
(BoW) combined with TF-IDF weighting applied to structured input, alongside two
Transformer-based models leveraging T5 architectures (Raffel et al., 2023) —a pretrained
base model and a variant fine-tuned specifically for structured input and retrieval tasks.

All methods receive as input either the canonical query or a synthetic English tem-
plate query designed to capture the narrative essence of the scene. While canonical queries
might suffice for many type-scenes, the passage in Genesis 24 presents particular complex-
ity. As Alter (1978) observes, this scene contains numerous details absent from subsequent
retellings—such as the gifting of gold rings—that serve as potential distractors from the
core features of the type-scene. N.B. This introduces a degree of circularity in query
design. Future work aims to overcome this limitation by pursuing fully unsupervised
discovery of salient steps in type-scenes through ground-up analysis.

The synthetic query is illustrated below:

1 """
2 A man traveled to a foreign land. There , he came upon a young
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woman at a well.
3 She had come to draw water , and he asked her for a drink.
4 After speaking with him, the girl ran home to tell her family

about the stranger.
5 He was then invited to a meal. After the meal, arrangements were

made for her to be given to him in marriage.
6 """

The candidate passages comprise Biblical texts, ranging from just a few verses to whole
chapters. The objective is to retrieve both canonical and variant instances of the targeted
type-scene.

5.4.1 Evaluation

I evaluate retrieval performance quantitatively using Mean Reciprocal Rank (MRR), com-
plemented by qualitative case studies. The MRR is defined as

MRR = 1
𝑁

𝑁
∑
𝑖=1

1
rank𝑖

,

where rank𝑖 denotes the position of the first relevant result for the 𝑖-th query. It measures
the average rank of the first relevant result over all queries. I report the MRR of the two
gold standard examples.

To complement MRR, I report report average rank of the gold standard, variants, and
negative examples. The intuition is that an ideal model would rank the gold standard
examples very highly (therefore a very high average rank) compared with the query, while
the variants should be slightly less highly ranked. The unrelated passages should exhibit
a lower average rank that that of the gold standard and variant passages.

5.4.2 Naive Embedding

I employ LaBSE (Language-agnostic BERT Sentence Embedding) (Feng et al., 2022), a
model recognised for its robust semantic retrieval capabilities across languages. Utilising
the sentence-transformers Python package (Reimers and Gurevych, 2019), I generate
fixed-length embeddings of passages, leveraging LaBSE’s capacity to capture nuanced
semantic relationships beyond surface lexical overlap.
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5.4.3 Bag-of-Words

The bag-of-words (BoW) approach leverages BookNLP4, a comprehensive suite of literary
text processing tools. BookNLP incorporates models trained on literary corpora produced
in Bamman et al. (2019), Bamman et al. (2020), and Sims et al. (2019). Literary texts
exhibit distinct lexical registers and syntactic structures compared to typical web text,
complicating tasks such as coreference resolution. For instance, embedded narrative layers
(e.g., nested speech in Dostoevsky’s novels) pose challenges that BookNLP tackles more
effectively than general purpose tools like SpaCy for this domain.

Specifically, BookNLP facilitates the extraction of verb predicates and character men-
tions. To accommodate the sparse, often laconic nature of Biblical text, I implement a
hierarchical canonicalisation strategy: when named mentions are absent, I default to the
most frequent common noun mention (e.g., ‘a maiden’). If no explicit referent exists, I as-
sign gendered placeholders such as ‘unnamed man’ or ‘unnamed woman’ based on inferred
pronouns from coreference clusters. I utilise the ‘large’ pre-trained BookNLP model to
maximise accuracy.

This pipeline transforms raw text into structured scene descriptors—lists of depen-
dency relation tuples representing characters and events. Conceptually, these can be
visualised as graphs, where nodes represent canonical characters and verb-lemma events
(see Fig. 5.1). Directed edges encode semantic roles: from characters to events for agents,
and from events to characters for patients.

tell

a maiden

run

meet

Abraham’s
servant

travel

ag
en
t

patient

patient

agent

ag
en
t

Figure 5.1: Network diagram. A type-scene description illustrated as a graph, where
nodes represent characters (blue) and events (green), while directed edges indicate seman-
tic roles in narrative event chains, e.g. ‘Maiden’ is the agent of the verb ‘meet’ and the
patient of the verb ‘tell’. Intuitively, instantiations of the same type-scene should yield a
similar graph structure.

4https://github.com/booknlp/booknlp
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To quantify similarity between scene descriptors, I employ a TF-IDF model, a classical
sparse retrieval technique that represents text as high-dimensional, sparse vectors encod-
ing exact token matches. While efficient and interpretable, this approach inherently lacks
the ability to capture synonyms, paraphrases, or deeper semantic relationships, limiting
its representational capacity in nuanced narrative domains.

5.4.4 Pretrained Models for Dense Retrieval

I explore pretrained Transformer models fine-tuned for text-to-text tasks as dense re-
trievers. The T5 model, originally trained to follow diverse textual instructions (e.g.,
summarisation prompts), serves as a foundational baseline. Variants such as CodeT5
(Wang et al., 2021), derived from RoBERTa and optimised for code-related tasks, and the
enhanced CodeT5+ model (Wang et al., 2023), which offers architectural and training
improvements, further expand the dense retrieval toolkit.

Complementing these, I incorporate SANTA (Structure-Aware Transformer pretrain-
ing) (Li et al., 2023a), a model explicitly designed to encode structural information within
text. SANTA demonstrates moderate performance gains in dense retrieval tasks compared
to vanilla T5 and CodeT5, highlighting the value of integrating structural inductive biases
into pretrained models for narrative retrieval. Following Li et al. (2023a), I take the first
token from the decoder as the dense representation of the input with which to compute
cosine similarity for ranking and retrieval.

5.5 Results
Table 5.3 summarises the retrieval performance of different methods on the type-scene
retrieval task. Across all models, synthetic queries substantially outperform canonical
queries—this discrepancy likely reflects the canonical query’s length and complexity, which
introduces distracting details not shared by later variant passages.

Model Num Params MRR (↑) Avg. Rank (Gold) (↓) Avg. Rank (Variant) (↓) Avg. Rank (Unrelated) (↓)
BoW+TfIdf – 0.04 25.5 19.75 20.89
LaBSE 471M 0.306 5.5 6.75 23.51
Flan-T5-base 248M 0.062 17.0 15.75 21.83
Flan-T5-XL 2.85B 0.116 18.0 21.26 20.25
CodeT5 220M 0.149 12.5 15.25 22.14
CodeT5+ 2B 0.047 21.5 17.75 21.34
SANTA 249M 0.054 20.5 21.49 17.0

Table 5.3: Performance comparison (AUC) across models for the intertextuality ranking
task. Best AUC values are in bold, second-best in italics.

While LaBSE leads by a significant margin on the retrieval task, it is notable that even the
largest Transformer model, Flan-T5-XL (2.85B parameters), underperforms compared to
LaBSE on key metrics such as MRR (0.116 vs. 0.306) and average rank for gold passages
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(18.0 vs. 5.5). This suggests that model size alone does not guarantee better retrieval of
intertextual relationships in this domain. Flan-T5-XL’s comparatively lower performance
may be attributed to its more general pretraining objectives, which do not explicitly target
semantic similarity or intertextuality, unlike LaBSE’s sentence embedding focus.

CodeT5, specialised in code and structured data, achieves moderate performance
(MRR = 0.149), surpassing Flan-T5-base and all other baselines except LaBSE, indicating
that its training on structured inputs might aid in recognising certain narrative structures
or patterns. However, the enhanced variant CodeT5+ with significantly more parame-
ters (2B) surprisingly performs worse (MRR = 0.047), which could reflect overfitting or
a mismatch between its training data and the literary narrative task.

The SANTA model, despite having a parameter count comparable to smaller Trans-
formers (249M), exhibits relatively weak retrieval capability (MRR = 0.054), highlighting
potential limitations in its architecture or pretraining for capturing complex intertextual
connections in Biblical narrative.

Examining average rank metrics for variant passages further reveals that the models’
abilities to generalise beyond exact matches vary considerably. LaBSE again ranks highest
with 6.75, while others cluster around 15–21, underscoring its robustness in identifying
paraphrased or semantically related but lexically divergent passages.

Most models rank unrelated passages, on average, lower than variant or gold passages,
but not all. The BoW+TfIdf, CodeT5+, and SANTA are the exceptions, ranking unre-
lated passages higher on average than gold or variant passages. LaBSE ranks unrelated
passages lowest (23.51), while SANTA gives them an average rank of 17.0, higher than
its average rank for gold or variant.

Overall, these results emphasise the challenge of the type-scene retrieval task, where
surface lexical matching is insufficient, and semantic, contextual, and structural nuances
must be captured. LaBSE’s strong showing validates the effectiveness of sentence em-
bedding models trained specifically on multilingual semantic similarity for this task. At
the same time, the relatively low absolute MRR values across the board point to ample
room for improvement, motivating future research into architectures and training regimes
better suited to narrative and intertextual understanding in ancient texts.

Additionally, an analysis of average cosine similarity scores provides further insight
into model behaviour. The BoW+TfIdf baseline again performs near chance, with min-
imal differences in similarity between gold, variant, and unrelated passages, reinforcing
that lexical overlap alone is insufficient for capturing type-scene relationships. For the
strongest models, LaBSE and CodeT5, similarity scores for variant passages closely ap-
proximate those for gold passages, tentatively supporting the notion that annotated vari-
ants instantiate the same underlying type scene.
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5.6 Discussion and Future Work
This study addresses a novel and challenging retrieval task that requires identifying pas-
sages based on complex narrative structures, rather than relying on simple lexical similar-
ity or paraphrase detection. This intrinsic complexity substantially raises the difficulty of
the task. Additionally, the dataset exhibits significant class imbalance, with only two gold
passages and four partial (variant) passages among 45 false candidates. Such imbalance
makes ranking metrics like MRR and average rank especially important for meaningful
evaluation.

Although semantic embedding models like LaBSE demonstrate promising performance,
especially when paired with synthetic queries, the overall retrieval effectiveness remains
limited. Analysis of average cosine similarity scores indicates that top-performing models
generate similarity distributions for variant passages closely approximating those for gold
passages. This suggests these models capture semantic generalisations that align with
annotated variants representing the same type scene. However, these preliminary findings
require further validation through expanded annotation and normalisation of similarity
measures.

Current approaches do not incorporate symbol frequency distributions or informa-
tion content in narrative elements, concepts which could potentially improve retrieval by
weighting rarer and more informative features more heavily Gombrich (1969). TF-IDF
naturally incorporates this saliency weighting, but only through direct lexical overlap.
Future work should explore integrating such probabilistic weighting schemes.

Looking ahead, advances in neurosymbolic methods—such as SCALLOP (Li et al.,
2023b)—which combine algorithmic templates with probabilistic modelling, may reduce
dependence on extensive human annotation by enabling structured, logic-based retrieval
frameworks. Ultimately, fully data-driven discovery methods (e.g., Jahan et al. (2021))
for inducing type-scene structures without presupposed annotations offer the greatest
potential for advancing the field. The creation of a larger, manually annotated corpus
will be an essential step toward enabling such approaches.

Additional improvements may include training on substantially larger, domain-relevant
datasets and incorporating structure-aware fine-tuning objectives, such as contrastive
learning tailored to narrative retrieval. For example, fine-tuning with adapters on cor-
pora like the Analogical Reasoning over Narratives (ARN) dataset (Sourati et al., 2024),
which shares conceptual parallels to type scenes, might improve model generalisation,
though domain transfer challenges would be likely.

The LaBSE model with synthetic queries achieves the strongest performance, achieving
an MRR of 0.306 and an average rank of 5.5 for gold passages, outperforming all baselines
by a wide margin. When including variant passages as correct matches, MRR rises further
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to 0.356. This demonstrates LaBSE’s superior ability to capture semantic and structural
similarity inherent in type-scenes—remarkable given that it operates purely on semantic
similarity rather than explicit structural encoding. Objectively, this MRR is still low in
real-terms, but provides the first benchmark for automatic type-scene classification in
Biblical narrative.

The BoW+TfIdf baseline exhibits very weak performance (MRR = 0.04, average rank
25.5) compared to the best model, LaBSE (MRR=0.31, average rank 5.5), reflecting
its inability to discriminate between relevant and irrelevant passages based on surface
lexical overlap alone. This underlines the inadequacy of sparse lexical representations for
capturing complex narrative structures.

5.7 Conclusions
I present the first evaluation corpus for type-scene retrieval in Biblical texts, focused
on the betrothal at the well type-scene, and use various pretrained embedding methods
to benchmark the task, improving upon methodological weaknesses in prior work. My
findings demonstrate that semantic embedding models such as LaBSE, when paired with
carefully crafted synthetic queries, outperform purely lexical and typed-tuple features,
although the task remains challenging with so few positive instances for retrieval.

This work lays the foundation for deeper investigations into narrative parallelism and
rhetorical correspondence. In the subsequent chapter, I employ diagnostic probing tech-
niques to analyse networks of correspondences between type scenes more broadly and
systematically.

99



100



6
Probing for Narrative and Rhetorical

Structure

This final chapter1 addresses a central question that has thus far been approached only
obliquely: to what extent do large language models (LLMs) encode and exploit narrative
structure and rhetorical typology in their learned representations? Previous chapters
have shown that off-the-shelf Transformer embeddings perform well on tasks that are
largely semantic in nature—such as detecting intertextual allusions or approximating
rhetorical symmetry in Biblical chiasmus. These tasks, while impressive, do not require
deep structural understanding; they can often be solved through surface-level semantic
pattern matching.

In this chapter, I adopt a more systematic approach to evaluating what narrative and
rhetorical information is actually captured in pretrained embedding spaces. Drawing on
the framework of diagnostic probing (Belinkov, 2022), I test whether decoder-only LLMs
encode the kinds of abstract, discourse-level structures that typological reasoning requires.

1This chapter reflects completely novel work which has not yet been submitted for peer review. Simi-
larly to other chapters, the work was developed in collaboration with Drs Hale Sirin and Tom Lippincott,
where their roles were advisory in nature.
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6.1 Introduction
As debates around the reasoning capabilities of LLMs intensify, narrative understanding
emerges as a critical litmus test. Unlike sentence-level fluency or local coherence, nar-
rative comprehension requires the integration of causal chains, temporal dependencies,
and thematic abstractions across long contexts. This makes narrative an ideal diagnostic
space for evaluating whether LLMs construct hierarchical, structured representations, or
simply leverage surface-level statistical regularities.

Prior work has shown that pretrained models such as BART and T5 can encode latent
information about entities, states, and relations without explicit supervision (Li et al.,
2021). However, such results leave open the deeper question: do LLMs implicitly learn
typological structures—the abstract narrative schemas that underpin coherent storytelling
and rhetorical design?

I argue that narrative typology provides a theoretically rich and cognitively grounded
framework for evaluating representational efficiency. Human brains, despite operating
with far fewer parameters than state-of-the-art LLMs, appear to project experience onto
reusable narrative types as one strategy for compression. If LLMs truly ‘understand’
texts, we should expect similar efficiencies to emerge: not rote memorisation, but the
abstraction and reuse of functional narrative templates.

Yet, there are reasons for skepticism. LLMs are known to be vastly over-parameterised
for text embeddings tasks (K et al., 2024), which may reduce the evolutionary pressure to
learn efficient encodings. If typological abstractions are not encoded in the representation
space, this would support the view that LLMs, while deep in architecture, remain shallow
in representation and comprehension.

To test this, I apply diagnostic probing to state-of-the-art decoder-only LLMs from
the LLaMA family. I focus on two challenging literary tasks:

1. Narrative parallelism, where structurally distinct stories must be aligned by un-
derlying functions or schema.

2. Rhetorical symmetry, where the presence of lexical and semantic parallel struc-
tures must be inferred.

Diagnostic probing allows us to isolate the extent to which specific layers encode in-
formation relevant to these abstract tasks. Previous research has found that layers in
encoder-only Transformers recapitulate classical NLP pipelines (Tenney et al., 2019a):
early layers emphasise lexical knowledge, middle layers handle syntactic and semantic
patterns, and later layers often capture discourse-level information. Similar patterns have
been observed in decoder-only architectures on tasks like BliMP (Warstadt et al., 2020),
where grammatical acceptability is modelled via differences in predicted perplexity.
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6.1.1 Contributions

This chapter makes the following contributions:

1. I benchmark decoder-only LLMs on challenging literary tasks, highlighting their
limitations in recognising rhetorical and narrative parallelism—a task that demands
deep structural alignment.

2. I provide an interpretability analysis using diagnostic probes, identifying which lay-
ers encode narrative and rhetorical information, and to what extent.

3. I offer a framework for evaluating narrative typology as a signal of representational
efficiency, proposing that successful narrative inference implies abstraction and gen-
eralisation, not just memorisation.

6.1.2 Broader Motivation

Discourse-level NLP has historically lagged behind sentence-level modelling, due in part
to the computational demands of modelling long contexts. However, recent advances in
Transformer architectures and context length have reawakened interest in long-form rea-
soning. This opens up the possibility of evaluating narrative analogies not as paraphrastic
or lexical similarity tasks, but as tests of schema alignment and conceptual mapping.

Recognising that two texts instantiate the same narrative function—despite divergent
surface forms—is a higher-order cognitive skill. It plays a central role in typological
exegesis, literary analysis, and even theological interpretation. As such, it provides an
essential benchmark for assessing whether LLMs have learned anything akin to narrative
understanding.

6.2 Related Work
I situate this work at the intersection of interpretability methods for large language models
(LLMs), cognitive science, and the study of analogical reasoning in narrative understand-
ing. I draw methodological inspiration from diagnostic probing, particularly edge probing
as introduced by Tenney et al. (2019b), but pursue it within a distinct cognitive and
task-specific context: analogical narrative recall. This setting departs from typical NLP
benchmarks by introducing richer and more structurally complex stimuli, motivated by
findings in human memory research.
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6.2.1 Memory and Narrative Recall:

“...[T]he brain actively reshapes our understanding of past events in light
of new incoming information”

Zadbood et al. (2022)

There is increasing evidence from cognitive neuroscience that human memory operates
not as a sequence of discrete snapshots, but through structured narratives; the brain
organises past experiences as networks of semantically or causally connected events, and
this structure critically shapes memory performance.(Lee and Chen, 2022; Zadbood et al.,
2022). Lee and Chen (2022) show that in realistic audiovisual narratives, central events—
those with stronger connections to other events—are more reliably remembered. These
central events elicit stronger hippocampal boundary responses during encoding and more
consistent activation patterns during recall, especially across individuals. This suggests
that memory formation and retrieval are modulated by event centrality within a narrative
graph.

Further work shows that memory is not static but dynamically updated: neural rep-
resentations of prior events are reshaped as new information becomes available (e.g., a
narrative twist). This was demonstrated in fMRI studies where participants reinterpreted
earlier scenes from The Sixth Sense after learning the ending (Zadbood et al., 2022). These
updates were localised in the default mode network, which has been shown to underlie
abstract situation model construction.

Narratives are ideal ecological tools for studying memory: they involve temporally
unfolding, semantically rich events that mirror how humans encode and communicate
experience. Crucially, storytelling itself can alter the content and perceived value of
memories, modulating which details are retained and how they are framed for others
(Eckardt et al., 2024; Lee et al., 2020). These findings offer a pseudo-cognitive foundation
for studying model behaviour in narrative tasks: if human memory is shaped by narrative
structure, might I find evidence of similar organisation (or lack thereof) in large language
models?

6.2.2 Diagnostic Probing

My method of analysing model internals builds on diagnostic probing, particularly the
edge probing framework introduced by Tenney et al. (2019b). This approach decomposes
various linguistic tasks—ranging from POS tagging to semantic role labelling—into a set
of graph edges that can be independently predicted from a model’s hidden representations.
They find that pretrained models like BERT capture strong syntactic representations and
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progressively deeper semantic features across layers, culminating in high-level semantic
phenomena like coreference and role assignment.

In follow-up work, Tenney et al. (2019a) showed that different linguistic tasks are
best represented at different layers in BERT: syntactic information emerges early and is
sharply localised, while semantic features are more diffuse and appear at higher layers.
This ‘layerwise progression’ suggested a developmental-like hierarchy of representation in
pretrained models.

More recent work, however, has complicated this picture. He et al. (2024) use probing
on the BLiMP dataset and find that grammatical features are distributed throughout
GPT-2’s layers and vary with sentence complexity. Morphological and interface-level
semantic features remain especially difficult to isolate. Moreover, probing results can
differ markedly depending on architecture and task complexity.

Critically, several papers challenge the foundational assumptions of probing. Niu et al.
(2022) introduce the GridLoc framework, showing that previously reported layer effects
may reflect artefacts of position and training dynamics rather than principled encoding.
Belinkov (2022) similarly warns that information discovered by a probe is not necessarily
used by the model—i.e., it may be decodable from hidden states without being functional
at inference time.

This motivates a core aspect of my analysis: I compare a model’s probed represen-
tations to its prompted performance, showing that for complex narrative analogies, what
is achievable with prompting alone is not always decodable from internal states. In this
way, my work contributes to ongoing discussions about the interpretability and functional
validity of probing, especially for abstract tasks.

Finally, probing remains under-explored in literary or narrative contexts. Existing
probing benchmarks overwhelmingly focus on linguistic phenomena at the sentence level,
while narrative understanding involves event structure, temporal coherence, and causal
reasoning across long-form inputs. Moreover, recent work (Li et al., 2025) demonstrates
that probing results vary significantly across languages, especially in multilingual models—
underscoring the limits of generalisability from standard English NLP tasks.

6.2.3 Analogical Reasoning for Narrative Tasks

Analogical reasoning—understanding that X is like Y—is central to human cognition
and plays a particularly salient role in how we interpret and connect narratives. Yet the
precise mechanisms and representational structures underlying narrative analogy remain
underexplored, especially in computational settings.

Piper et al. (2021b) approaches this question through the lenses of narrative economies
(how one narrative influences the understanding of others), narrative beliefs (the persua-
sive efficacy of narratives in public discourse), and narrative responses (the ways narratives
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may inform reasoning in the human mind). While this framework captures how narratives
resonate across contexts, it stops short of offering an explicit taxonomy of cross-narrative
similarity.

More targeted computational work has attempted to model analogical narrative simi-
larity. Elson (2012) introduced a story intention graph approach that uses propositional
generalisation over discourse relations. For instance, the propositions ‘A Lion watched
a fat Bull’ and ‘A Fox observed a Crow’ are abstracted to a shared form like ‘An ani-
mal perceives another animal.’ Their system relies on dependency graphs and logic-based
pattern-matching (via Prolog), incorporating both hypernym generalisation and tempo-
ral sequencing to detect analogies. This method contrasts bottom-up statistical matching
with top-down structural isomorphisms, offering one of the earliest computational treat-
ments of analogical narrative structure.

A key insight here is that narrative analogy often involves category-level parallelism:
mapping characters, goals, and events by type or function rather than surface similarity.
This notion underpins more recent empirical evaluations of LLMs’ analogical capacity.
Sourati et al. (2024) introduce a triplet-based benchmark dataset, Analogical Reasoning
over Narratives (ARN), that tests whether models can distinguish deep analogies from
superficial resemblance. Their dataset, drawn from the ePiC corpus, includes human-
annotated dimensions such as character roles, relationships, settings, goals, actions, and
overarching ‘proverb’ meanings (e.g., ‘the early bird gets the worm’). While LLMs perform
well when surface and structural cues align, they struggle in cases where an analogy is
not apparent on the surface but requires latent information—suggesting limitations in
abstraction and generalisation.

Outside narrative domains, analogical reasoning has also been probed through prompt-
ing techniques. Wicke et al. (2024) show that Chain-of-Thought (CoT) explanations for
spatial analogies yield modest improvements in alignment with human judgments. More
compellingly, Yasunaga et al. (2024) demonstrate that analogical prompting—asking mod-
els to first generate a relevant exemplar before solving a target problem—outperforms both
zero- and few-shot CoT baselines, particularly in larger models like GPT-4 and PaLM-2.
This capacity to invent structurally relevant but novel examples suggests emerging ana-
logical abilities, though the role of training data memorisation remains an open question.

Taken together, these findings suggest that LLMs can sometimes exhibit analogical
reasoning, especially under structured prompting regimes and at larger scales. However,
two central challenges remain. First, it is unclear whether their apparent analogical
inferences reflect genuine conceptual abstraction or sophisticated pattern-matching. Sec-
ond, the absence of explicit structural priors—such as event schemas, narrative roles, or
discourse-level relations—may constrain both the generalisability and interpretability of
these analogies. More systematic modelling of narrative structures is likely required to
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bridge this gap.

6.3 Task Description and Data
I investigate analogical and rhetorical reasoning through two parallelism classification
tasks, each cast as a binary decision problem over span- or document-level inputs. Both
tasks follow a general formalism in which textual units—either spans or documents—are
encoded as fixed-length vectors and compared to determine relational similarity.

Let a sentence or document be represented as a list of contextual embeddings 𝐸 =
[e0, e1,… , e𝑛], obtained from a pretrained language model. A span is defined as a half-
open interval 𝑠 = [𝑖, 𝑗) denoting the sublist [e𝑖, e𝑖+1,… , e𝑗−1]. Following Tenney et al.
(2019b), I compute fixed-length span representations by applying a learned projection to
each e𝑘 in the span, followed by self-attention pooling over the span window.

Formally, each classification instance consists of either:

1. A pair of spans (𝑠1, 𝑠2) within a single discourse context, or
2. A pair of documents (𝑑1, 𝑑2) represented by sentence-level embeddings or pooled

document-level features.

The classifier then predicts a binary label 𝑦 ∈ 0, 1 indicating whether the input pair
exhibits a structural or semantic parallelism. I apply this general framework to two specific
tasks: rhetorical parallelism (span-level) and narrative parallelism (document-level), each
accompanied by task-specific data preprocessing and sampling strategies.

6.3.1 Rhetorical Parallelism (Span-Level)

I introduce a rhetorical parallelism classification task derived from the Augustinian Ser-
mon Parallelism (ASP) dataset introduced by Bothwell et al. (2023). This dataset consists
of 80 Latin sermons by Augustine of Hippo, annotated by hand for rhetorical structure.
Each annotation captures sets of parallel spans (or ‘branches’) that collectively instantiate
a rhetorical pattern—either synchystic (parallel order) or chiastic (inverted order). One
particularly complex annotation is visualised in Table 6.1 (the same illustrative example
highlighted in their paper).
To construct binary classification instances, I extract all span pairs within a given sermon.
Positive pairs consist of spans that are annotated as belonging to the same parallelism
structure. Negative pairs are sampled from spans, still within the same sermon, but drawn
from distinct parallelism annotations. I restrict negative sampling to within-document
pairs to ensure the model learns intra-textual rhetorical similarity rather than document-
level distributional cues.
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Latin English
panis esuriret so that bread might hunger,
satietas sitiret satiety might thirst,
uirtus infirmaretur strength might be weakened,
sanitas uulneraretur health might be wounded,
uita moreretur life might die.

Table 6.1: Rhetorical Parallelism in Latin: The repeated syntactic and semantic
inversion emphasizes paradoxical transformation.

Formally, each instance consists of two spans 𝑠1 = [𝑖1, 𝑗1) and 𝑠2 = [𝑖2, 𝑗2), and a
label 𝑦 indicating whether they belong to the same rhetorical parallelism.

Each of these clauses forms a span in the annotation, with shared syntactic and stylistic
structure. While parallelisms in the annotation scheme are not limited in the number of
branches they may have, I only construct binary pairs, taking every permutation of the
spans within a parallelism as independent examples.

6.3.2 Narrative Parallelism (Document-Level)

To probe analogical reasoning at the document level, I construct a narrative parallelism
classification task using the Analogical Reasoning over Narratives (ARN) dataset intro-
duced by Sourati et al. (2024). The narratives in the story were curated from the ePiC
stories dataset (Ghosh and Srivastava, 2022), which contains 2500 narratives written by
humans crowd-sourced on Amazon Mechanical Turk to illustrate a given English proverb
(e.g., ‘Hindsight is 20/20’, ‘Slow and steady wins the race’). Sourati et al. (2024) then
use an LLM to extract characters, relations, actions, goals, and locations (which they
call ‘surface mappings’), as well as the labelled proverb (a ‘system mapping’), in each
narrative to create triplets of: an anchor story, an analogous story, and a distractor story.
Analogous stories share a system mapping, i.e. proverb, to an anchor story, regardless of
how similar their surface mappings are. An analogous story which has high overlap in
surface mappings (e.g. similar locations, character goals, etc.) to an anchor is a ‘near’
analogy. On the other hand, distractor stories may share surface mappings to the anchor
story, but do not share the system mapping (proverb). A ‘near’ distractor story shares
many surface features with the anchor story but has a different overall message, while a
‘far’ distractor is completely different in surface features as well as proverb. The ARN
dataset comprises 1096 such triplets.

I convert this into a binary classification task over story pairs (𝑑1, 𝑑2), where the label
indicates whether both narratives instantiate the same proverb. Anecdotally, I find that
the language fluency and grammatical quality of the narratives varies considerably, which
may introduce unwanted noise into the analogical detection task. To ensure fluency, I use
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a model from Krishna et al. (2020) which was trained on the BliMP dataset to produce
‘grammatical acceptability’ scores; I retain only narratives in the ARN dataset with a
grammatical acceptability score ≥ 0.9 . This filters out ill-formed generations, e.g.:

Example with Annotated Errors and Corrections

“I like my manager a lot as he is the only one in our management who al-
ways take takes the initiatives on anything he purposes proposes for the
team, and we always follow him. Recently, we were under pressure to
deliver many projects in time, so he recommended us he recommended
that we spend extra time on the projects, and he himself started spend-
ing extra time out of hours. When our tea team saw that he was himself
spending extra time, they also followed him.”

Note: Strikeouts indicate original text; red text shows corrections or insertions.
An example from the ARN dataset.

The resulting dataset is pared down from 1315 unique narratives to 872 unique fluent
narratives. Rather than relying on the preconstructed triplet pairs, I construct all possible
permutations of narratives to upsample the dataset. I create positive pairs by matching
anchor–analogy pairs from the same proverb, and negative pairs by matching anchor–
distractor or analogy–distractor pairs drawn from different proverbs. Each pair is labeled
as analogous (1) or non-analogous (0).

Two illustrative examples which are designed to probe whether models align on ab-
stract narrative structure rather than surface lexical cues:
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Illustrative Examples from Extremes of the Analogy Dataset

Category Example Content

Easiest Analogy
(Close Analogy,
Low Distractor
Similarity)

Proverb: That which does not kill us makes us stronger

Anchor: When I remember the challenges I went through when
I was starting my business, I break into tears. But I do not re-
gret a thing. I think that the most precious gold goes through
the hottest furnace. There are great and unforgettable lessons that I
learned during that period that I will always cherish. It made me better.

Analogy: Once upon a time, in a small village, there lived a talented
young presenter named Lily. She was faced with countless challenges,
from technical difficulties and stage fright to harsh criticism and
rejection. However, with each obstacle she overcame, Lily grew stronger,
honing her skills, building resilience, and gaining the respect and
admiration of her audience. Ultimately, her unwavering determination
and ability to thrive in the face of adversity transformed her into a
renowned and influential figure, inspiring others to embrace their own
inner strength.

Distractor: I stained my cedar house this last summer in advance think-
ing about the consequences of not doing so. If I don’t, the sun fades and
cracks the wood, and could let drafts in.

Hardest Analogy
(Far Analogy,
High Distractor
Similarity)

Proverb: Hindsight is always twenty-twenty

Anchor: Mark was the new CEO of the company. Under adrenaline
rush he decided to go after a small startup that he thought would be
profitable for the company. However, months later, it was discovered
that the startup would not benefit them much but instead it was costing
them a fortune to make a bid for the startup.

Analogy: Looking at the past decisions, I put too much oil in the fryer
and burned the turkey last year, and the year previous to that and also
a couple of months ago. That’s also true that at those moments I didn’t
know what I’m doing.

Distractor: After becoming the new CEO of the company John decided
to change the microchip in the laptop being produced by his company.
However he understood that they need to design an entirely new laptop
instead of just changing the chip as the new chip won’t be compatible
with the old hardware setup.
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6.3.3 Data Preprocessing

For both tasks, I partition the data into training, validation, and test sets using an
80/10/10 split. To prevent data leakage and preserve the coherence of the underlying nar-
rative or rhetorical units, I apply stratified sampling at the level of documents—sermons
for rhetorical parallelism and individual proverbs for narrative parallelism—rather than
at the level of individual examples.

There are far more negative examples in the dataset than positive examples due to our
sampling method, so to avoid such a severe class imbalance, I downsample the negative
examples to match the number of positive examples, using a fixed random seed (seed=42)
for reproducibility.

Task # Unique Docs # Train Examples # Dev Examples # Test Examples

Narrative 872 narratives 3744 270 446
Rhetorical 80 sermons 5604 616 564

Table 6.2: Dataset statistics by task type. The table shows the number of unique
source documents and the train/dev/test split for each task.

Together, these two tasks probe neural models’ capacity to detect structural and concep-
tual similarity at different granularities—within-discourse rhetorical patterns and across-
discourse analogical narratives—while carefully controlling for superficial textual overlap.

6.3.4 Limitations

The validity of probing as an interpretive tool remains contested. Ravichander et al.
(2021) highlight that the accuracy of a probe does not necessarily indicate whether a
model uses the probed information in downstream reasoning. Their case study in Natural
Language Inference shows that models can encode linguistic features even when they are
not functionally required for the task at hand.

Relatedly, Sharkey et al. (2025) argue that much probing work lacks the rigour of causal
interpretation, since most methods rely on correlational evidence. Without interventions
that manipulate model internals or inputs, it’s difficult to establish whether a given feature
genuinely contributes to model behaviour.

Another ongoing debate concerns the complexity of probes themselves. Early work
(e.g., Hewitt and Liang (2019)) cautioned against complex probes, warning they might
‘do the work’ of the task rather than expose information already present in the represen-
tations. They advocate for selectivity—a good probe should perform well on the linguistic
task and poorly on a control task. However, Pimentel et al. (2020) challenge this simplic-
ity bias, proposing an information-theoretic view in which mutual information between
representation 𝑅 and target variable 𝑇 should be maximised. From this perspective, more
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complex probes yield tighter bounds on the information present in the model, even if they
blur the line between decoding and representation.

Finally, my own experiments are exploratory and currently limited in scope. I do not
implement control tasks to evaluate selectivity, nor do I apply causal interventions to the
embedded representations. These remain important directions for future work.

6.4 Edge Probing for Parallelism Classification
To evaluate whether large language models (LLMs) encode information about rhetorical
and narrative parallelism, I adapt the edge probing framework introduced by Tenney et al.
(2019b), with modifications to support these tasks and accommodate decoder-only models
such as those in the LLaMA3 family.

Edge probing is a method for analysing what kinds of linguistic information are en-
coded in pretrained language model representations at specific token positions. It treats
various structured prediction tasks—such as part-of-speech tagging, syntactic parsing, se-
mantic role labelling, and coreference—as sets of edges between spans of text within a
sentence. A simple classifier is trained on top of the fixed contextual embeddings to
predict these edges independently, allowing researchers to isolate and evaluate the extent
to which models capture both local and long-range syntactic and semantic relationships.
This approach provides a fine-grained lens into the types of linguistic and structural
knowledge encoded at different layers and positions in the model.

The experimental pipeline is illustrated in Fig. 6.1. The process involves (1) passing
documents through an LLM, (2) extracting contextual embeddings for spans or documents
of interest, (3) computing fixed-length representations of annotated spans using a pooling
method (I compare two different methods, described below) and concatenation, and (4)
feeding these representations into lightweight probing classifiers. Below, I describe each
stage in detail.
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ut ipse panis
esuriret, satietas

sitiret, uirtus
infirmaretur,

sanitas
...

Pretrained Decoder (Llama3)

Contextual embeddings 
across all layers

Span embeddings 
across all layers

pool and concat

CLS Binary classifier

Raw input document

Figure 6.1: Experimental setup for parallelism probing tasks. The rhetorical task
is shown: a full sermon text is encoded by the model, which produces contextualised
embeddings across all layers of the model. I then extract relevant span pairs and use
either learned span pooling or zero-paramter pooling to reduce the embeddings to fixed
size vectors, which are then concatenated and fed into a binary classifier.

6.4.1 Extracting Contextual Representations

I use decoder-only LLaMA3 models of various sizes (1.1B, 3.8B, and 8B parameters)2,
including both base and instruction-tuned variants, as feature-extractors. For each input
document (e.g., a sermon or a pair of narratives), I use a model in a feedforward, non-
generative manner to extract contextual token representations from all Transformer layers.
I record the hidden states at every layer of the model, capturing the contextual embeddings
h(ℓ)

𝑖 ∈ ℝ𝑑 at each token position 𝑖 for each layer ℓ ∈ 0, 1,… , 𝐿.
To manage memory usage on limited university compute resources, I implement a

custom chunking strategy: inputs are split into overlapping chunks of 1024 tokens with a
stride of 512, ensuring that no span annotation is split across chunk boundaries. This facil-
itates extraction of complete span representations without truncation while maintaining
efficient memory usage during inference.

2Models were accessed through the Huggingface Hub (Wolf et al., 2020).
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6.4.2 Option 1: Span Representation and Pooling

In this experimental setup, I then extract the annotated spans of interest—pairs of
spans labelled as rhetorically or narratively parallel or not. Each span is a sequence
of token-level embeddings from the hidden states of each layer, h𝑖1

, h𝑖1+1,… , h𝑗1−1 or
h𝑖2

, h𝑖2+1,… , h𝑗2−1.

6.4.2.1 Trainable Projection and Attentive Pooling

Following Tenney et al. (2019b), I compute a fixed-length span representation via a train-
able projection layer and a self-attentive pooling mechanism:

1. Projection: Each token embedding is first projected to a 256-dimensional space:

h̃𝑖 = Wproj ⋅ h𝑖 + bproj, h̃𝑖 ∈ ℝ256

2. Attentive Pooling: Attention weights 𝛼𝑖 are computed over the span tokens, and
the weighted sum produces the span embedding:

𝛼𝑖 = exp(v⊤ tanh(Wattnh̃𝑖))
∑𝑗 exp(v⊤ tanh(Wattnh̃𝑗))

, s = ∑
𝑖

𝛼𝑖h̃𝑖

This mechanism is applied separately to each of the two spans. The resulting span embed-
dings from the two branches are concatenated to form the input to a probing classifier.

6.4.2.2 Scalar Mixing Over Layers

Since contextual information may be distributed unevenly across model layers, I apply a
scalar mix (Peters et al., 2018) over the layer-wise span representations. For each span, I
learn a softmax-normalised set of weights 𝑠ℓ and a scaling parameter 𝛾, computing:

hmix
𝑖 = 𝛾

𝐿
∑
ℓ=0

𝑠ℓ ⋅ h(ℓ)
𝑖

This allows the probe to learn which layers are most informative for parallelism detection.

6.4.3 Option 2: Zero-Parameter Span Pooling

In addition to the learned self-attentive pooling mechanism, I introduce a novel zero-
parameter pooling method that leverages the model’s own attention weights, without
learning any new parameters. This method is based on the hypothesis that if a model has
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already learned to attend to rhetorical or narrative parallelism during pretraining, then
its internal attention distributions may already encode useful signals for this task.

I experiment with two variants of this approach:

1. Joint encoding: I encode a single input document that contains both spans 𝑠1 and
𝑠2. I then extract the attention weights from the final token of 𝑠2, and use these
weights to pool the token embeddings across the entire span pair. The intuition is
that if the model recognises rhetorical parallelism between 𝑠1 and 𝑠2, this may be
reflected in the attention patterns at the end of the second span.

2. Separate encoding: As a contrastive baseline, I encode 𝑠1 and 𝑠2 independently.
For each span, I extract attention weights from its final token and use them to pool
token embeddings within that span only. This setup removes any explicit modelling
of inter-span relationships and tests whether the model assigns similar attention
distributions to parallel spans even when processed in isolation. If so, this would
suggest that the model has learned invariant representations of features relevant to
rhetorical structure.

In both setups, I compute a weighted average of token embeddings within each span using
attention distributions from the final token. Let 𝑆 = {𝑖, … , 𝑗} denote a span, and let 𝑇
be its final token. For each layer ℓ and head ℎ, I extract the attention weight 𝐴(ℓ,ℎ)

𝑇 ,𝑖 from
token 𝑇 to token 𝑖, and compute:

s(ℓ,ℎ) = ∑
𝑖∈𝑆

𝐴(ℓ,ℎ)
𝑇 ,𝑖 ⋅ h(ℓ)

𝑖

This yields a representation tensor of shape (𝐿,𝐻, 𝑑).

6.4.3.1 Scalar Mixing over Heads and Layers

To condense the attention-weighted embeddings into a fixed span representation, I apply
a double scalar mix:

• A scalar mix over layers (as in Section 6.4.2.2)
• A scalar mix over attention heads

Let 𝑠ℓ and 𝑠ℎ be softmax-normalised weights over layers and heads, respectively. The
final span embedding is:

s =
𝐿

∑
ℓ=0

𝐻
∑
ℎ=0

𝑠ℓ𝑠ℎ ⋅ s(ℓ,ℎ)

These span embeddings are concatenated and passed to a classifier.
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6.4.4 Probing Classifiers

I evaluate multiple lightweight probing models to avoid overfitting and preserve the inter-
pretability of the results:

1. Logistic Regression: A linear classifier operating on the concatenated span rep-
resentations.

2. Two-Layer MLP: A feed-forward neural network with a hidden dimension of 256,
ReLU activations, and a final sigmoid output layer.

Each model is evaluated using F1 score and Area under the receiver operating character-
istic curve (AUC). F1 score is a harmonic mean of the precision (how many true positives
were predicted out of all predicted positives) and recall (how many true positives there
were out of all predictions):

𝐹1 = 2
recall−1 + precision−1

AUC measures the area under the plot of the curve of the recall (also called the sensitivity)
and the proportion of true negatives correctly identified by the model (also known as
the specificity) at different threshold values – this is the receiver operating characteristic
curve. Crucially, AUC provides an estimation of how well a model can distinguish between
binary classes without relying on a hardcoded threshold, but rather, considers all possible
thresholds.

I train the probes using the Adam optimiser Kingma and Ba (2014) with batch size
of 32 and initial learning rate of 1𝑒−4. I use L2 norm gradient clipping, and I implement
early stopping if there has been no AUC improvement on the validation set observed after
5 epochs.

6.4.5 Prompting

To compare the representational knowledge captured by probing models against what
LLMs use at inference time, I implement a direct prompting baseline. This allows us to
evaluate whether decoder-only language models can identify rhetorical or narrative paral-
lelism without additional classifiers or gradient-based learning—i.e., by relying solely on
their forward generation behaviour given an appropriately crafted instruction. This exper-
iment is designed to address the central question: do LLMs have more latent information
encoded than what they use at inference time?

I frame both rhetorical and narrative parallelism detection as binary classification
tasks via prompting. Specifically, the model is asked to generate either ‘Yes’ or ‘No’ as a
one-token answer to a natural language question.
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For each labeled example, I insert the relevant context and spans into a templated
instruction prompt. The spans are always marked explicitly as [SPAN1]...[/SPAN1] and
[SPAN2]...[/SPAN2] in the rhetorical case, or as [DOC1]...[/DOC1] and [DOC2]...[/DOC2]
for narrative examples. The goal is to elicit a judgment of structural parallelism using
only the language model’s internal representations and next-token prediction.

For ASP (Augustinian Sermon Parallelism) data, I include a local context window
surrounding the marked spans. Specifically, I include a window of left_window = 10
words before the start of SPAN1 and right_window = 10 words after the end of SPAN2.
This context is tokenised and formatted such that both spans are visible in a continuous
excerpt, simulating the original sermon text.

1 "The following is an excerpt from a Latin sermon. Two spans in
the sermon are marked as [SPAN1]...[/SPAN1] and
[SPAN2]...[/SPAN2]. Determine whether the two spans are
rhetorically parallel.

2 Parallel structures should have some linguistic features in
common , which could include features of phonology , morphology
, syntax , semantics , or even style. The features could be the

same (e.g., the repeated sounds in 'ueni, uidi, uici ') or
diametrically opposed (e.g., the opposite meanings in 'a time

to be born' and 'a time to die'). These features typically
occur in the same order or the opposite order.

3

4 <marked_text >
5

6 Are the two marked spans rhetorically parallel?
7 Answer with a single word: Yes or No.
8 Answer: "

The information in the prompt about parallel structures is taken verbatim from the task
description of Bothwell et al. (2023).

In the second prompting condition, I assess models on a task of analogical narrative
parallelism. Here, I present two short narrative passages, each marked with its own
delimiter ([DOC1] and [DOC2]). The prompt instructs the model to judge whether the
relational structure between entities and events is analogically parallel, rather than relying
on surface similarity.

1 "Below are two short narratives. Determine whether they are
analogically parallel by evaluating not just surface
similarities (such as shared characters , actions , or
locations), but whether the relations between elements in one
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narrative correspond systematically to relations in the
other. Focus on whether the two narratives share the same
underlying structure of events or roles , even if the surface
features differ.\n\n"

2

3 "[DOC1]"
4 f"{text1}"
5 "[/DOC1]"
6

7 "[DOC2]"
8 f"{text2}"
9 "[/DOC2]"

10

11 "Are these two narratives analogically parallel based on
systematic relational correspondences?"

12

13 "Answer with one of: 'Yes' or 'No'.
14 Answer: "

The instructions to the model are based on the task description of Sourati et al. (2024).

6.4.6 Decoding and Output Processing

I use a simple and deterministic decoding configuration, as my interest is not in creative
generation but in extracting the model’s most probable classification decision. I use
greedy decoding, a generation temperature of zero, and restrict the number of new tokens
generated to be one. Following best practices, I extract the log-probabilities for the next-
token prediction over the tokens ’ Yes’ and ’ No’3 rather than parsing raw text output.

I apply a softmax function over these two logits and treat the probability of ‘Yes’ as
the output score. If this exceeds a fixed threshold of 0.5, I predict the model’s answer to
be ‘Yes’. I additionally save raw text responses for manual inspection.

6.4.7 Model Selection

I run all prompting experiments on the same model family used for probing—namely,
the LLaMA3 series. I evaluate three parameter scales: 1B, 3B, and 8B, using their
corresponding tokenisers. All models are accessed via the Hugging Face Hub. One key
axis of comparison is the effect of instruction tuning (Zhang et al., 2024), a process
in which pretrained language models are further finetuned on collections of input–output

3In practice, the model always returns a token prepended by a leading space, so I take care to use the
tokens ’ Yes’ and ’ No’, rather than ‘Yes’ and ‘No’.
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Task Model Variant AUC (Log Reg) ↑ AUC (MLP) ↑
llm-attention learned llm-attention learned

Narrative Llama-3.2-1B Base 0.585 0.527 0.563 0.548
Instruct 0.555 0.517 0.547 0.528

Llama-3.2-3B Base 0.595 0.558 0.578 0.541
Instruct 0.587 0.577 0.532 0.569

Llama-3.1-8B Base 0.561 0.534 0.581 0.503
Instruct 0.507 0.547 0.555 0.559

Rhetorical Llama-3.2-1B Base 0.949 0.950 0.953 0.954
Instruct 0.929 0.934 0.934 0.936

Llama-3.2-3B Base 0.943 0.928 0.937 0.925
Instruct 0.948 0.929 0.945 0.936

Llama-3.1-8B Base 0.911 0.819 0.923 0.829
Instruct 0.902 0.845 0.931 0.840

Table 6.3: AUC scores for narrative and rhetorical parallelism detection us-
ing linear (logreg) and nonlinear (MLP) probes. Each row shows performance
across two pooling strategies (‘llm-attention‘ vs. ‘learned‘) and model variants (base vs.
instruct) for three LLaMA-3 model sizes. Probes achieve consistently higher AUCs on
rhetorical tasks than narrative ones, with best results for rhetorical parallelism exceeding
0.95. Narrative parallelism remains significantly harder to detect, even with instruction-
tuned models and nonlinear classifiers. Bold text indicates the highest score for a model
across classifier configurations.

pairs framed as natural language instructions, explicitly optimising them for task-following
behaviour.

6.5 Results
I use area under the ROC curve (AUC) as the primary evaluation metric because it is
robust to class imbalance and provides a threshold-independent measure of the classifier’s
ability to distinguish between positive and negative examples. This is crucial in this
setting, where binary classification (is a pair parallel or not?) is evaluated across mul-
tiple probe configurations and model scales, each of which may produce highly skewed
prediction distributions.

Across all experiments, I observe stark differences in task difficulty and probe effec-
tiveness between the narrative and rhetorical parallelism detection tasks (see Table 6.3
and Fig. 6.2). Rhetorical parallelism is reliably learnable by probes, with AUCs exceed-
ing 0.95 in the best setup. Narrative parallelism, by contrast, proves far more elusive to
linear and nonlinear probes alike. Even the best configuration achieves a modest AUC
of 0.595, suggesting that these relationships are either more weakly represented in the
model’s embedding space or encoded in a format poorly matched to linear separation.

Overall, MLP classifiers outperform logistic regression in the majority of settings,

119



particularly on the rhetorical task. This suggests that rhetorical relationships, while
often linearly separable, can still benefit from additional nonlinearity.

On the rhetorical task, all best-performing configurations use an MLP classifier.

• LLaMA3-1B (Base) reaches 0.954 AUC with an MLP and learned pooling.

• LLaMA3-8B (Instruct) achieves 0.931 AUC with an MLP and LLM-attention pool-
ing.

On the narrative task, gains from MLP are more modest and inconsistent.

• LLaMA3-3B (Base) reaches 0.578 AUC with an MLP and LLM-attention pooling,
slightly ahead of its logistic regression counterpart.

• Some setups (e.g. LLaMA3-8B Instruct) show only marginal improvement from
MLP over logreg.

Despite these gains, MLPs do not fundamentally change the task difficulty: narrative
AUCs remain low regardless of classifier type.

To test whether larger LLMs show signs of emergent structure relevant to parallelism
detection, I compare model scales (1B, 3B, 8B) across base and instruction-tuned variants,
holding the probe architecture fixed.

Fig. 6.2 visualises AUC scores from this comparison. The bar chart plots results from
a consistent probing setup: spans are encoded jointly using the LLM, pooled via a self-
attentive mechanism learned by the probe, and classified using a 2-layer MLP. Each group
of bars corresponds to one model scale (1B, 3B, 8B), with colour indicating whether the
model is a base or instruction-tuned variant. This setup mirrors that of Tenney et al.
(2019a) and provides a strong baseline for analysing scaling effects under joint encoding.
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Figure 6.2: Narrative vs. Rhetorical Task Performance in Base and instruction-
tuned Models. Bar chart of AUC across model sizes using the classifier setup of Tenney
et al. (2019a): spans encoded in one pass together, using a self-attentive pooling learned
alongside a two-layer MLP classifier.

Effect of Model Size: Surprisingly, larger models do not consistently outperform
smaller ones. In several cases, the 1B model performs as well as or better than its 3B and
8B counterparts:

• On the rhetorical task, LLaMA3-1B Base with an MLP and learned pooling achieves
the highest AUC of 0.954, outperforming both the 3B (0.937) and 8B (0.929) models
under the same configuration.

• On the narrative task, LLaMA3-3B Base yields the best result overall (0.595) with
logistic regression and LLM-attention pooling—but even here, the 1B variant is
competitive.

Effect of Instruction-Tuning: The impact of instruction tuning is subtle and not
reliably beneficial for probing performance. In some settings, instruction-tuned models
outperform their base counterparts:

• On the narrative task, LLaMA3-8B Instruct slightly outperforms Base with learned
pooling and an MLP (0.559 vs. 0.503).

• On the rhetorical task, LLaMA3-8B Instruct also outperforms Base with an MLP
and LLM-attention pooling (0.931 vs. 0.923).

However, in other settings, instruction tuning either has no effect or performs worse than
the base model. For example: LLaMA3-3B Base achieves 0.578 on narrative with MLP,
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while Instruct drops to 0.532 under the same setup. On rhetorical with learned pooling
and MLP, LLaMA3-3B Base slightly outperforms Instruct (0.925 vs. 0.936).

The lack of consistent gains implies that while instruction tuning might improve us-
ability or task generalisation in generative settings, it does not reliably enhance the repre-
sentational accessibility of relational features such as rhetorical or narrative structure—at
least not in a way that makes them more amenable to linear probing.

6.5.1 Encoding and Pooling Methods

To understand how relational signals are distributed in pretrained representations, I tested
two encoding and two pooling strategies. A heatmap visualising AUC for each combina-
tion of pooling and encoding method is in Fig. 6.3.
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Figure 6.3: The effect of pooling and encoding combinations on task perfor-
mance. Heatmaps illustrate the resulting classifier performance (AUC) on the two tasks
for every combination of learned span pooling vs. zero-parameter pooling and separate
encoding vs. joint encoding. The importance of pooling and encoding is much more stark
in the rhetorical task, whereas the (low) performance is uniform across setups for the
narrative task. For both tasks, zero-parameter pooling achieves top-scores. Values shown
are using a 2-layer MLP classifier and embedded representations from a 3B parameter
base model.

Encoding Methods:

Together: both spans are input jointly to the LLM.

Separately: spans are encoded independently, this is a cross-document approach.
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Joint encoding allows the model to directly compare and align the spans in context. Sep-
arate encoding simulates scenarios where spans come from different documents or are
processed in isolation.

Pooling Methods:

Learned: span tokens are pooled via trainable weights (learned by the probe).

LLM-attention: pooling uses the model’s own attention distribution, taken at the final
token(s) of the input span(s).

Learned pooling reflects the probe’s ability to discover where information is encoded.
LLM-attention pooling uses the model’s internal attention distributions as a heuristic for
relevance, without learning additional parameters.

Results for rhetorical parallelism show strong effects of both encoding and pooling.
The best configuration overall uses joint encoding with LLM-attention pooling, achieving
AUC scores of: 0.945 for LLaMA3-3B Instruct and 0.943 for LLaMA3-3B Base.

This suggests that rhetorical cues are most accessible when spans are presented to-
gether, allowing the model to contextualise them jointly and attend to corresponding
structure. LLM-attention pooling effectively identifies those features without needing to
learn where to look.

By contrast, the same LLM-attention strategy performs worse under separate encod-
ing, dropping AUC by 1–2 points in both Base and Instruct variants. Learned pooling
under separate encoding performs even worse (e.g. 0.928 for Base, 0.929 for Instruct),
indicating that rhetorical relations are not robustly encoded span-by-span, but emerge
during joint contextualisation.

Learned pooling under joint encoding performs well (e.g. 0.936 AUC for Instruct,
0.925 for Base), but does not surpass LLM-attention pooling—suggesting that the model’s
native attentional structure is already aligned with rhetorical similarity in jointly encoded
spans.

The picture for narrative parallelism is markedly different. Across all encoding and
pooling configurations, performance remains close to chance: The best configuration uses
joint encoding with LLM-attention pooling, reaching 0.578 AUC (LLaMA3-3B Base).
Other configurations (including separate encoding and learned pooling) perform similarly,
ranging from 0.532 to 0.569.

Unlike the rhetorical task, there is no consistent benefit from joint encoding, nor from
either pooling method. This suggests that narrative parallelism is not strongly encoded
in the token-level representations, regardless of context.

In fact, the flat performance across pooling strategies indicates that neither the model’s
internal attention nor probe-learned pooling can reliably extract narrative structure. This
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aligns with the hypothesis that narrative parallels require higher-order, globally integrated
representations, which may not be encoded in a linear or local fashion at the span level.

These results suggest that rhetorical structure is linearly accessible, especially when
spans are processed together and pooled using the model’s own attention. In contrast,
narrative structure is either more abstract or more sparsely represented, making it less
accessible to simple probing.

The fact that LLM-attention pooling, a zero-parameter method, consistently performs
on par with or better than learned pooling also highlights its value for probing tasks. It
outperforms the self-attentive span pooling of Tenney et al. (2019a) in this setting, and
may be especially useful in tasks where probe complexity must be minimised.

6.5.2 Probing vs. Prompting: Behaviour vs. Latent Knowledge

Task Model Size Variant F1 Score AUC

Narrative

1B Base 0.67 0.50
Instruction-Tuned 0.00 0.57

3B Base 0.67 0.59
Instruction-Tuned 0.28 0.59

8B Base 0.14 0.67
Instruction-Tuned 0.20 0.71

Rhetorical

1B Base 0.67 0.14
Instruction-Tuned 0.01 0.57

3B Base 0.00 0.05
Instruction-Tuned 0.04 0.22

8B Base 0.08 0.38
Instruction-Tuned 0.00 0.30

Table 6.4: Model performance across tasks, sizes, and tuning variants. F1 and
AUC scores are reported for both base and instruction-tuned versions of each model size.

To evaluate how well models express vs. encode relational knowledge, I compare direct
prompting (behavioural performance) with probing (latent information accessible from
embeddings). Table 6.4 summarises the results of prompting across model sizes and
variants, using a consistent classification prompt and measuring both F1 and AUC.

Prompted performance on the narrative parallelism task improves consistently with
model size, especially in the instruction-tuned variants. AUC rises from 0.57 (1B Instruct)
to 0.71 (8B Instruct), the highest prompted performance across all conditions and tasks.
This suggests that emergent narrative alignment behaviour arises at larger scales and is
amplified by instruction tuning.

Base models also improve with size (AUC: 0.50 → 0.67), though F1 scores remain
erratic. For instance, the 1B and 3B Base models achieve F1 = 0.67 despite low AUCs,

124



likely due to overconfident single-class predictions.
Notably, even the best prompting results fall short of probe performance on rhetorical

parallelism, but exceed probe performance on ARN. This highlights a key contrast: nar-
rative knowledge appears behaviourally accessible with the right prompt and model scale,
even if probing struggles to extract it from embeddings.

Prompting results for the rhetorical task are uniformly poor. AUCs remain low across
all sizes and variants, ranging from 0.05 (3B Base) to 0.57 (1B Instruct). F1 scores are
typically near zero — even when AUC is modest (e.g. 1B Instruct: F1 = 0.01, AUC =
0.57).

These results stand in stark contrast to the probing setup, where models achieve
AUCs 0.94 under the best encoding/pooling configurations. This suggests that rhetorical
structure is richly encoded in the latent space, but difficult to elicit directly via prompting.
In other words, the model ‘knows’ the information, but does not reliably express it in
generation without stronger cues. This supports Belinkov (2022)’s findings.

Across both tasks, F1 scores are low even when AUC is respectable. This reflects poor
probability calibration in the model outputs: the classification head (based on prompt-
completion likelihood) tends to favour a single class disproportionately, leading to sharp
decision boundaries and poor thresholded predictions.

Manual inspection confirms that models frequently generate fluent, reasonable-sounding
completions, but misclassify span relationships — especially on the rhetorical task. This
suggests the model is capable of linguistic and stylistic fluency even when it misunder-
stands the core relational task.

These findings reinforce a key distinction: Prompting tests what the model does, while
probing reveals what the model knows. For narrative parallelism, prompting outperforms
probing at large scales, hinting at emergent behaviour not readily accessible to linear
probes. For rhetorical parallelism, prompting fails, while probing succeeds — showing
that latent representations encode structure even when behavioural outputs do not reflect
it. This distinction is essential when evaluating LLMs: high latent capacity does not
guarantee good behavioural performance, and vice versa. Unlocking this latent knowledge
may require better prompting strategies, specialised decoding, or interactive protocols
beyond standard few-shot prompting.

6.5.3 Localising Parallelism in Llama3 Models

To better understand where information about parallelism is represented within the
LLaMA3 architecture, I apply the Center-of-Gravity (CoG) analysis introduced by
Tenney et al. (2019a). This metric calculates the average layer depth at which the learned
probe places the most weight during span pooling, offering a proxy for the location of task-
relevant features within the model stack. Given learned scalar weights over hidden layers
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during span pooling, I compute the CoG as:

̄𝐸𝑠 =
𝐿

∑
ℓ=0

ℓ ⋅ 𝑠(ℓ)

where 𝑠(ℓ) is the softmax-normalised weight for layer ℓ.
I visualise CoG for the best classifier setup (i.e., the configuration achieving the highest

AUC) for each task and model size.
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Figure 6.4: Center-of-Gravity. CoG represents an average over the learned layer weights
of the span embeddings – effectively representing the layer of the model which is most
useful to the classifier in solving a given task. Narrative and rhetorical parallelism appear
to be localised in the mid-layers of the model, regardless of model depth.

For both tasks, the CoG shifts deeper in absolute layer index as model size increases:
For narrative, CoG moves from 8.0 (1B) → 14.1 (3B) → 16.0 (8B). For rhetorical, from 8.3
→ 15.1 → 16.4. This replicates a key finding from Tenney et al. (2019a): CoG increases
linearly with layer depth, but its relative position remains stable.

Across all sizes and tasks, the relative CoG remains around the midpoint of the model
(47–52% of total depth), suggesting that mid-to-late layers are where both types of paral-
lelism are most encoded. There is a slight tendency for rhetorical CoG values to be higher
than narrative ones at each size (e.g., 16.4 vs 16.0 in the 8B model), but the difference is
too small to draw strong conclusions. These values are close enough that I interpret the
variation as noise or model-specific fluctuation rather than a stable pattern.

The fact that both tasks peak in the middle layers aligns with expectations from prior
work on layer specialisation in Transformer models: shallow layers tend to capture local
and positional information, while middle layers are associated with syntactic and semantic
features (e.g., grammaticality, NER, dependency structure), and late layers consolidate
task-specific or interactional features.

That the signals for both the narrative and rhetorical parallelism probes peak in the
mid-layers is consistent with these tasks requiring semantic and discourse-level represen-
tations.
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6.6 Discussion
These results offer a nuanced view of how LLaMA 3 models encode parallel structures.
Rhetorical parallelism is robustly and consistently encoded, yielding high AUCs across
probing methods and model sizes, despite failing under prompting. It is accessible through
both native attention-based pooling and learned span representations, with especially
strong performance when spans are encoded jointly—suggesting that LLMs attend to
rhetorical structure when contextual information is explicitly shared. In contrast, narra-
tive parallelism proves more elusive: probing performance remains low across all configu-
rations, though modest improvements emerge through direct prompting at larger model
scales. For instance, rhetorical probing with joint encoding and LLM-attention pooling
reached AUCs above 0.95, while the best narrative probing configuration remained below
0.60. In contrast, narrative prompting with the 8B Instruct model reached 0.71 AUC,
outperforming all probe-based approaches.

This asymmetry points to a difference not just in difficulty but in representational
encoding: rhetorical parallelism benefits from shallow, surface-level cues (e.g., syntactic
or lexical repetition), whereas narrative parallelism demands deeper integration across
context, structure, and semantics—something LLaMA does not reliably learn unless
prompted. While model size and instruction tuning do not consistently improve prob-
ing performance, prompting reveals emergent capabilities at scale. The Center-of-Gravity
analysis supports this view, showing that both tasks rely on information stores in the
middle layers of the embedding model—consistent with the representation of higher-order
abstractions—but rhetorical signals are more reliably localised.

For future work, I plan to conduct a detailed linguistic error analysis using tools such
as spaCy, Stanza, and CLTK to extract features like part-of-speech overlap, semantic
similarity, and length metrics. This will help categorise where different methods fail and
whether certain linguistic cues are more or less predictive of successful detection. I also
aim to analyse how performance in the analogy selection probing (ASP) task varies as a
function of branch distance—i.e., how far apart the span pairs are in the original sermon—
to test whether embeddings capture structural separation. If performance degrades with
increasing span distance, it would suggest that LLM embeddings preserve some notion
of structural proximity—useful for downstream tasks like discourse parsing or narrative
segmentation. Finally, I intend to extend this work into a broader suite of literary probing
benchmarks, drawing on annotated datasets for coreference, character relations, and event
detection from Bamman et al. (2020), Bamman et al. (2019), and Sims et al. (2019) to
evaluate how well large language models encode narrative and literary reasoning.

These findings suggest that benchmarking model capabilities via probing alone may
understate their full potential—especially for high-level reasoning tasks, where emergent
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behaviour arises only through prompting or interaction.

6.7 Conclusion
These experiments underscore a fundamental difference in the learnability of rhetorical
versus narrative parallelism. Rhetorical structure is consistently recoverable from model
representations, with strong performance across model scales and classifier types. In
contrast, narrative parallelism proves far more elusive: even nonlinear probes offer only
marginal improvements, and performance remains low across the board. This suggests
that narrative structure is either less robustly encoded or requires representational formats
not well captured by standard probing methods.

Surprisingly, neither increased model size nor instruction tuning consistently improves
probe performance. In several cases, smaller models rival or even outperform their larger
counterparts, and instruction tuning shows no systematic benefit. These findings suggest
that neither scale nor supervised alignment to human preferences reliably enhances the
encoding of relational features like parallelism in a way that makes them more accessible
to probes. The lack of clear emergent capabilities highlights the limits of current LLM
representations for tasks requiring deeper structural abstraction.

Encoding and pooling strategies play a crucial role in the rhetorical task but have little
effect on narrative performance. Rhetorical relationships are most accessible when spans
are jointly encoded and pooled using the model’s own attention distributions, indicating
that these features emerge during contextual comparison and are already aligned with
the model’s internal attentional structure. In contrast, narrative parallelism shows no
consistent gains from encoding or pooling choices, suggesting it relies on more abstract or
globally integrated representations that are not easily accessible from token-level embed-
dings.

I introduced a zero-parameter pooling method which uses the attention weights from
the pretrained language model to combine an arbitrary number of token embeddings into
a fixed-length vector. This approach demonstrated comparable or, often, stronger perfor-
mance than learned token weighting and introduces no extra parameters for a classifier
to learn. I believe this approach is promising and warrants further use and exploration.

Prompting and probing yield divergent pictures of model competence. For narra-
tive parallelism, prompting outperforms probing at larger model sizes, suggesting that
behavioural signs of narrative understanding can emerge even when the underlying rep-
resentations are not linearly accessible. In direct contrast, rhetorical structure is richly
encoded and easily extracted via probing, but models fail to express it reliably through
prompting. This dissociation underscores a key distinction: what models know may not
align with what they do. Latent relational knowledge can exist without being readily
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expressed in generation, and high behavioural fluency does not guarantee structural un-
derstanding.

Center-of-Gravity analysis reveals that both narrative and rhetorical parallelism are
predominantly encoded in the middle layers of LLaMA3 models, regardless of size. As
model depth increases, the absolute CoG shifts upward, but its relative position remains
near the architectural midpoint—echoing trends found in earlier BERT-based analyses.
This suggests that discourse-level relational features, like parallelism, are not concen-
trated in early perceptual layers or late task-specialised ones, but emerge most saliently
in intermediate layers where semantic abstractions are integrated.

Taken together, these results paint a somewhat messy picture. Unlike in human
cognition, narrative does not appear to be a dominant or deeply integrated mode of
representation in large language models. While LLMs can often mimic narrative coher-
ence in their outputs–especially at larger scales and with instruction tuning–this capacity
seems to emerge from statistical pattern learning rather than from structured, internalised
narrative reasoning. In contrast, rhetorical parallelism shows clearer signs of being sys-
tematically encoded within the model’s representations. Probing reveals that rhetorical
structure is accessible in the mid layers of the model and can be reliably extracted using
simple classifiers, even when it fails to surface in prompted outputs. In summary: LLMs
may know rhetorical relations without being able to say them, and may say narrative-like
things without clearly knowing their structure.
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7
Conclusions and Future Work

This thesis has investigated how large language models represent structured literary and
rhetorical patterns, with a particular focus on classical texts such as Biblical narratives.
Across four chapters, I examined whether LLMs encode the abstract structures that or-
ganise meaning at the discourse level—such as rhetorical parallelism, narrative analogy,
and intertextual symmetry— by applying models to literary tasks. I further explored how
this information is surfaced or obscured by different probing and prompting methods.

In Chapter 3, I began by framing chiasmus detection as a constrained semantic sim-
ilarity task, proposing a detection algorithm which required high semantic similarity of
aligned pairs (e.g. A & A’) and low semantic similarity of unaligned pairs (e.g. A & B). I
showed that this simple and lightweight algorithm, applied in a sliding window fashion to
every verse and half-verse in the Hebrew Bible, identified thousands of chiastic structures,
primarily in dense narrative and poetic sections of text. Human annotation on the top-50
scoring chiasmi illuminated that the system achieved high precision (0.8 for full-verse, and
0.6 for half-verse). Future work on this problem includes integrating lexical and syntactic
features, which may involved improving or creating parsing tools for Ancient Hebrew.

Then, in Chapter 4, I looked at how well human and machine translators are able to
preserve intertextuality – echos of former texts – across a language shift. I found that
human translators often amplify intertextual links, sometimes introducing or strengthen-
ing allusions that are only implicit in the source text. By contrast, machine translations
tended to preserve the relative structure of intertextuality more faithfully, though with
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reduced translation quality, especially for low resource translation pairs like Ancient He-
brew → Marathi. This pattern suggests that while human translators are influenced by
theological or literary expectations, pretrained multilingual models exhibit a kind of neu-
tral fidelity that, in some cases, better preserves the original semantic distances. However,
these models still fall short in consistently maintaining structured links like typological
echoes or allusive motifs, especially when operating on isolated verses. This motivates fu-
ture work in retrieval-augmented translation, where providing models with semantically
relevant context might help them learn to preserve higher-order narrative and theological
structure across languages.

In Chapter 5, I examined type-scenes—recurring narrative schemas that structure
episodes such as betrothals, battles, or journeys. I constructed a small evaluation set
comprised of seven examples the ‘betrothal well-encounter’ from Biblical scholarship to
evaluate whether models could identify analogical story patterns across non-overlapping
texts. Surprisingly, a simple embedding-based approach using sentence Transformers
(i.e. LaBSE) outperformed more structured retrieval strategies. Yet even the best models
performed well below human ceiling, suggesting that while some coarse schema informa-
tion is captured, LLMs struggle to recover the deeper causal, temporal, and thematic
scaffolding that defines type-scenes. This finding echoes earlier concerns: that although
embeddings are semantically rich, they may remain structurally shallow.

Chapter 6 synthesised and extended these themes by contrasting rhetorical and nar-
rative parallelism in a unified framework. Using both probing and prompting techniques,
I tested whether LLaMA3 models could identify rhetorical parallelisms in Latin text
(e.g. ‘veni, vidi, vici’) or English narrative parallelisms in short narrative passages (i.e. a
similarity of overall message/meaning despite surface differences, such as character names).
Here, a striking asymmetry emerged: rhetorical parallelism was robustly encoded and
easily surfaced via probing, while narrative parallelism remained elusive. Probing models
consistently failed to recover narrative analogies, even at larger model scales. However,
instruction-tuned variants exhibited modest success when directly prompted, suggesting
that some capabilities may emerge only in behavioural settings. Further analysis revealed
that probing classifiers relied most heavily on the mid-layers of an LLM’s embedding—
those typically associated with abstraction and composition—but only rhetorical signals
were reliably localised.

Taken together, these chapters support a broader conclusion: current language models
excel at recognising surface-level patterns that correlate with rhetorical or stylistic reg-
ularities, but struggle to generalise structural abstractions across distance, modality, or
genre. Those tasks which may be somewhat approximated with semantic similarity – chi-
asmus detection, intertextuality preservation, and rhetorical parallelism detection — are
far more easily recoverable than tasks which rely on structure (like type-scene retrieval) or
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coherence and abstraction over longer distances (surfacing narrative parallelism). While
prompting can sometimes elicit emergent behaviours suggestive of narrative reasoning,
these behaviours are brittle and poorly grounded in the underlying representation space,
indicating that they do not reflect stable internal abstractions.

This distinction has important implications for how narrative is represented (or not
represented) within current architectures. It suggests that existing language models are
not well suited to encoding narrative form as a first-class object. Transformers offer
powerful local representations and scale remarkably well, but they lack inductive biases
for tracking structured analogies, plot arcs, character roles, or thematic correspondences
across documents. As such, even when narrative patterns are present in the training data,
models do not reliably learn or apply them in a principled way.

Crucially, this limitation does not imply that rhetorical or narrative structure is in-
accessible to machine learning systems, but rather that it is poorly aligned with the
dominant architectural assumptions of current LLMs. One promising direction
is therefore to move beyond purely data-driven pattern induction toward models that
explicitly represent and manipulate structure. Neurosymbolic approaches offer a particu-
larly compelling path forward. By combining learned representations with probabilistic
or symbolic rules, such systems can encode constraints and abstractions—such as par-
allelism, analogy, or narrative role structure—that are difficult to infer implicitly from
distributional data alone. Frameworks such as SCALLOP (Li et al., 2023b)

suggest how neural representations might be integrated with rule-based reasoning over
structured forms, allowing models to reason about narrative relations rather than merely
correlating surface features.

Relatedly, renewed attention to hierarchical and modular architectures may be war-
ranted. Earlier work on hierarchical neural networks sought to capture multi-level struc-
ture in language but fell out of favour as large, flat transformers proved empirically dom-
inant. However, recent developments—particularly mixture-of-experts (MoE) models—
suggest new ways of reintroducing hierarchy and modularity at scale. In this setting,
different experts or modules could specialise in rhetorical functions, discourse relations,
or narrative roles, enabling models to reason across levels of abstraction without sacri-
ficing scalability. Such architectures may provide the inductive bias needed to represent
narrative structure explicitly, rather than treating it as an emergent by-product of token
prediction.

Making language models more sensitive to rhetorical and narrative structure would
offer tangible advantages beyond improved performance on literary benchmarks. Struc-
turally aware models would be better equipped for long-range planning and generation,
enabling more coherent extended writing and more consistent argumentation. They would
also be better positioned to analyse previously unseen texts, reasoning about structure,
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analogy, and thematic organisation rather than relying on memorised content or pretrain-
ing artifacts. In interpretive contexts, such models could support more robust forms of
textual analysis, comparison, and explanation, grounded in abstract narrative relations
rather than surface similarity alone.

These considerations underscore why narrative remains a critical stress test for claims
that large language models understand language in a human-like sense. Narrative is not
merely one genre among many; it is a fundamental mode of human cognition, shaping how
we organise experience, infer causality, and transmit meaning across time. Our capacity to
track characters, recognise structural echoes, and interpret events within broader narrative
schemas is central to human intelligence. The persistent difficulty models have with these
tasks – despite their fluency and scale – reveals a gap between linguistic competence and
narrative understanding that cannot be closed by scale alone.

This limitation underscores why narrative remains a critical stress test for any claim
that large language models understand in a human-like way. Narrative is not just one
genre among many—it is a fundamental mode of human cognition, tightly bound to how
we structure memories, interpret events, and communicate meaning. Our ability to track
characters, infer motives, perceive causal links, and recognise deep structural echoes across
time is a central function of natural (i.e. human) intelligence. The difficulty models have
with capturing these patterns despite their fluency in language reveals a persistent gap
between linguistic competence and narrative understanding. This work highlights that,
while LLMs demonstrate remarkable sensitivity to surface features and can mimic aspects
of interpretive behaviour, they still fall short of encoding the deeper conceptual structures
that make narrative such a powerful and universal framework for human thought.

In parallel with architectural innovation, there is also a need for richer evaluation
frameworks that foreground global structure rather than local coherence. One direction
is to expand the type-scene evaluation set, potentially extending it to Homeric texts, in
order to benchmark models on culturally and historically grounded narrative abstractions.
More ambitiously, future work could move beyond supervised retrieval against established
scholarly hypotheses toward the de novo discovery of recurring narrative tropes and struc-
tured scenes. Such an approach would open the door to studying narrative structure
across genres and media not traditionally associated with type-scene theory, including
Shakespearean drama, film, or serialised television.

In sum, this thesis delineates the current limits of large language models in repre-
senting rhetorical and narrative structure. While contemporary models capture surface
regularities with surprising competence, deeper structural abstractions—such as analogy,
typology, and narrative schema—remain poorly represented. Addressing these limitations
will likely require a shift toward architectures and benchmarks that treat structure not
as an incidental pattern to be inferred, but as a central object of representation and
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reasoning.
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