Computational Linguistics in the Netherlands Journal 15 (2026) 217-253 Submitted 01/2026; Published 06/2026

From Orthography to Semantics: Large-Scale Unsupervised
Textual Similarity Detection in Historical Greek

Paulien Lemay* PAULIEN.LEMAY QUGENT.BE
Els Lefever** ELS.LEFEVERQUGENT.BE
Klaas Bentein* KLAAS.BENTEINQUGENT.BE

*Department of Greek Linguistics, Ghent University

** Language and Translation Technology Team (LTS3), Ghent University

Abstract

Computational methods for detecting textual similarity provide powerful tools for exploring lin-
guistic patterns, formulaic language, and textual transmission in historical corpora. However, in
Ancient Greek studies, these approaches have mostly been tested on small datasets or employed
in targeted search tasks. In this paper, we investigate what insights emerge when similarity mea-
sures are applied across a large and diverse corpus of Greek texts spanning multiple periods and
genres. Our approach is fully unsupervised and does not rely on prior assumptions or predefined
queries. We make use of well-established approaches, applying MinHash with locality-sensitive
hashing (LSH) to identify repeated orthographic patterns and transformer-based embeddings to
capture semantic relationships across texts. We first explore our approaches on the Database of
Byzantine Book Epigrams (DBBE), a curated dataset with verse- and epigram-level similarity
clusters. Its relatively compact and structured nature makes it an ideal testbed for probing the
behavior of the similarity algorithms. We then scale up to a larger, more heterogeneous corpus
of Greek texts spanning roughly 400 BC to 1500 AD. Applying MinHash-LSH reveals repeated
formulae across textual traditions, while clustering transformer-based embeddings uncovers con-
ceptual and thematic relationships, highlighting recurring motifs and ideas despite orthographic
variation. Our findings demonstrate how unsupervised methods suited to high-volume data can
uncover structures and relationships that targeted, query-based studies may overlook.

1. Introduction

Computational methods for detecting similarity in ancient texts have proven highly effective for
uncovering linguistic patterns, formulaic language, and textual reuse. One frequently used ap-
proach focuses on surface-level similarity, which relies on orthographic features such as character-
or word-level n-grams, edit distance, or string alignment algorithms. This approach is often used
to detect near-copy passages and to support stylistic research (Ochab and Essler 2019, Storey and
Mimno 2020). Semantic similarity approaches, in contrast, are used to capture deeper meaning-
based relationships between words or texts in order to identify paraphrases, semantic shifts over
time, and conceptual connections that go beyond mere lexical overlap (D’Angelo et al. 2025, Krahn
et al. 2023, Stopponi et al. 2024, Swaelens 2025).

While both surface-level and semantic approaches have demonstrated their effectiveness, they are
often developed and evaluated for specific tasks or narrowly defined research questions, with their
design and optimization tailored to particular corpora. As a result, these methods are typically
applied in targeted search settings, where researchers already have hypotheses about the types of
similarity they wish to detect. This focus limits their usefulness for exploratory analysis of very large
corpora, where patterns of similarity may be diverse, subtle, or previously unknown. Moreover,
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many similarity detection techniques become computationally demanding when applied at large
scale, making it challenging to analyse corpora consisting of millions of textual units in an efficient
and unsupervised manner.

To address this challenge, we propose a corpus-driven, task-agnostic methodology that inte-
grates both surface-level and semantic similarity analyses. Surface-level similarity is captured using
MinHash with locality-sensitive hashing (LSH), which efficiently detects repeated or highly sim-
ilar sequences across large corpora (Broder 1997). To capture semantic similarity, we generate
transformer-based sentence embeddings, which we use to construct a graph via nearest-neighbour
retrieval. Together, these complementary approaches enable the exploration of large, unstructured
corpora, revealing a broad range of textual patterns.

We begin by examining the Database of Byzantine Book Epigrams (DBBE), a manually cu-
rated collection of epigrams grouped into clusters of recurring formulaic expressions across or-
thographic, semantic, and thematic dimensions, based on expert scholarly judgment (Deforche
et al. 2024, Swaelens 2025). This structured and interpretable reference provides a useful environ-
ment for exploring the behavior of our methods. Building on insights from this controlled corpus,
we then scale the approach to a larger and more heterogeneous collection of non-literary Greek texts
spanning the Archaic to Byzantine periods, investigating whether unsupervised methods can reveal
broader patterns and regularities across centuries of textual production.

By adopting this approach, we aim to make the following contributions:

e We introduce a corpus-driven framework for detecting similarity, which minimizes prior
assumptions about the types of similarity to be identified, thereby allowing patterns to emerge
organically from the data.

e We advance an unsupervised methodology that does not rely on labeled training data,
facilitating the analysis of large, heterogeneous corpora across diverse textual genres and his-
torical periods.

e We demonstrate that scalable similarity detection can reveal latent structures of formu-
laicity, textual transmission, and intertextual relationships across centuries, providing new
insights into patterns of literary composition and manuscript culture.

The remainder of this paper is organized as follows. In Section 2 (Related Work), we review
prior applications of computational similarity techniques to ancient languages. Section 3 (Data)
introduces the corpora employed for applying the proposed clustering methodology. In Section 4
(Computational Methods), we provide a detailed description of the selected algorithms. Section 5
(Experiment Setup) outlines the procedure to apply the proposed algorithms to the data. Finally,
Sections 6 and 7 present the results, evaluate their significance, and discuss the broader implications
of our findings.

2. Related Work

Recent work in machine learning for ancient languages has highlighted how computational methods
are transforming the study of historical texts, enabling large-scale analyses across diverse corpora
and tasks (Sommerschield et al. 2023). Within this broader landscape, similarity methods constitute
an important field of study. In the following section, we discuss the potential of both surface-level
and semantic similarity methods, reviewing key contributions and outlining the approaches adopted
here, with technical details provided in Section 4.
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2.1 Surface-Level Similarity

Surface-level similarity has been widely explored in historical stylometry, a field frequently employed
to attribute authorship to disputed texts. For example, in Stylometry of Literary Papyri (Ochab
and Essler 2019), distance-based clustering is applied to literary papyri by representing each text
as a vector of its most frequent words, allowing patterns of writing style to emerge and enabling
evaluation against known author labels.

Using a comparable representation, Like Two Pis in a Pot (Storey and Mimno 2020) builds on
this approach but shifts the focus from patterns that characterise individual authors to patterns
that recur across texts regardless of authorship. This makes it possible to detect recurring stylistic
patterns that are not tied to any single writer, showing that texts by different authors and separated
by centuries can nevertheless be closely related in stylistic terms. These findings suggest that surface-
level similarity captures not only individual writing habits, but also broader literary conventions and
practices.

Focusing on a different level of recurrence, recent work on Byzantine book epigrams (Giannikou
et al. 2024) demonstrates that surface-level patterns can also be used to study formulaic structure
within a textual tradition. Rather than focusing on overall stylistic similarity between texts, it
identifies recurring sequences of words and shows how these formulaic expressions persist, vary,
and are recombined across Byzantine book epigrams. This shifts the emphasis from similarity
between whole texts to repetition at the level of phrases and conventional expressions, offering a
complementary perspective on how textual reuse operates within a genre.

In parallel to these application-driven studies, recent methodological work (Lemay et al. 2026)
explores how surface-level similarity detection can be scaled to large and heterogeneous corpora.
Using character-level MinHash combined with locality-sensitive hashing, this line of work prioritises
computational efficiency and robustness in identifying closely related textual segments, enabling
similarity search in settings where exhaustive pairwise comparison would be impractical. Rather
than targeting specific literary or philological questions, it provides a general-purpose framework
for scalable similarity computation, supporting a wide range of downstream analyses in digital
humanities research.

In this study, we build on the approach proposed by Lemay et al. (2026). While the proposed
methodology demonstrates strong performance and scalability, it focuses on algorithmic quality
rather than what insights can be gained from large, diverse corpora. Here, we extend this work
by applying MinHash-LSH to a heterogeneous corpus, examining both scaling challenges and the
qualitative patterns revealed in the resulting clusters.

2.2 Semantic Similarity

An early approach to semantic similarity detection is the work by Berger et al. (2016), who exam-
ine the reuse of Biblical texts. Their study leverages Ancient Greek WordNet! and lemma lists to
identify synonyms, hypernyms, and part-of-speech changes between reused and source texts, com-
plemented by manual analysis. The results show that reuse is often highly non-literal, highlighting
the limitations of surface-level similarity measures.

More recent research has focused on building sentence embeddings that capture semantic mean-
ing. However, generating high-quality embeddings requires substantial training data, which is often
lacking for low-resource languages. One strategy to overcome this limitation is multilingual knowl-
edge distillation, in which low-resource models are aligned with high-resource models through parallel

1. https://greekwordnet.chs.harvard.edu/
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sentences, allowing semantic knowledge to be transferred across languages. Krahn et al. (2023) ap-
ply this approach to Ancient Greek and English, demonstrating that models trained in this way
effectively support translation search, semantic textual similarity (STS), and cross-lingual retrieval
tasks. Similarly, Riemenschneider and Frank (2023) apply multilingual knowledge distillation to
align Latin, Ancient Greek, and English embeddings in order to identify translations and retrieve
semantically similar sentences across these languages. Complementary strategies have also been
proposed to improve sentence embeddings, including contrastive learning to sharpen semantic dis-
tinctions (D’Angelo et al. 2025) and genre-aware embeddings that integrate metadata into semantic
representations (Perrone et al. 2019).

An alternative approach focuses on capturing linguistic structure at the word and subword level.
Riemenschneider and Krahn (2024) address low-resource historical language processing by employ-
ing character-aware hierarchical language models (HLMs). These models integrate an intra-word
encoder that captures fine-grained character-level patterns with an inter-word encoder that produces
contextualized word embeddings, encoding both syntactic and semantic information. This architec-
ture is particularly well-suited to languages with substantial spelling variation and rich morphology,
while also supporting the learning of context-dependent meanings through distributional semantics.

Alongside these modeling advances, benchmark resources have been developed to systematically
evaluate semantic similarity. Stopponi et al. (2024) created AGREE, a benchmark for distributional
semantic models of Ancient Greek, while Swaelens et al. (2025) propose a benchmark for Byzantine
Greek, providing frameworks for sentence-level evaluation in historical texts.

Building on these developments, we employ the open-source model from Riemenschneider and
Krahn?, which integrates a training mechanism based on multilingual knowledge distillation with
a hierarchical language modeling architecture. While their experiments demonstrate strong per-
formance on STS for Ancient Greek, they focus primarily on sentence-level evaluation and do not
explore scaling to larger corpora or unsupervised clustering. In this study, we extend their work by
investigating how these embeddings can support large-scale comparative analysis.

3. Data

To evaluate our approach, we assemble a dataset combining texts from multiple corpora across
diverse geographical regions and historical periods. This allows us to evaluate the selected methods
on a sufficiently large volume of data, ensuring that their scalability can be meaningfully assessed.
For copyright reasons, we cannot publish the full corpus directly. However, we provide a detailed
description of its composition and sources, enabling full reconstruction of the dataset. Table 1
summarizes the size of each of the data sources, which are introduced and discussed in the following
paragraphs.

Source dataset Total n words Total n lines Total n documents

DBBE 318 068 52 701 12 634
Papyri 5 231 385 839 394 55 178
PHI 7 053 539 1454 517 194 803
BIE 21 642 4 391 794

Table 1: Total number of words, lines, and documents contained in every source dataset.

2. https://huggingface.co/kevinkrahn/shlm-grc-en
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3.1 Database of Byzantine Book Epigrams

The first part of our corpus is the Database of Byzantine Book Epigrams (DBBE)3. This dataset
contains over 12 000 epigrams dating from approximately 500 to 1500 AD, aggregating texts that
were previously dispersed or unpublished. From the margins of the manuscripts, these epigrams
organize content, recognize patrons, scribes, and authors, and provide guidance to readers (Ricceri
et al. 2023).

A key feature of DBBE is its curated Verse Group and Type classifications. Verse Groups clus-
ter similar verses across epigrams, whereas Types provide a normalized, reconstructed version of
one or more Occurrences?. These groupings are manually curated by scholars, reflecting individual
expertise, interpretive judgment, and editorial decisions, rather than any formal metric of similar-
ity (Swaelens 2025). Despite this limitation, DBBE uniquely provides a controlled setting in which
textual patterns are well-attested. Previous studies have demonstrated both semantic and ortho-
graphic formulaicity in these epigrams (Deforche et al. 2024, Swaelens 2025), meaning that we can
assume repeated patterns exist across the dataset. This makes DBBE particularly suitable for ex-
amining how the selected clustering methods respond to both surface-level repetition and conceptual
relationships. Its relatively small size and clear structure allow us to observe algorithmic behavior
before extending the approach to the full dataset, where formulaicity is less pervasive and patterns
are less predictable.

The data was obtained from the publicly available SQL dump on Zenodo (Demoen et al. 2023)
and processed using a local containerized PostgreSQL setup. The identifiers used to refer to DBBE
entities correspond to the identifiers as they can be found on the DBBE website.

3.2 Byzantine Inscriptional Epigrams

The four volumes of the series Byzantinische Epigramme in Inschriftlicher Uberlieferung (Rhoby
et al. 2009, Rhoby 2010, Rhoby 2014, Rhoby 2018) present a comprehensive corpus of Byzantine
epigrams preserved on the material supports for which they were composed. The volumes cover
a wide range of frescoes, mosaics, icons, metalwork, ivory, wood, textiles, and manuscripts, with
entries organized by object type and the region where the objects are currently located. Each
edition includes detailed object descriptions, the Greek text, critical apparatus, German translation,
and commentary. Building on the work of Wolfram Hérandner, the project follows clearly defined
inclusion criteria. Its chronological scope extends from approximately 600 to 1500 AD, encompassing
the height of the Byzantine dodecasyllabic epigram tradition and complementing other projects
focused on earlier periods (Delouis 2012).

As part of this study, we created a dataset of Byzantine Inscriptional Epigrams (BIE) by pro-
cessing the four volumes of this series®. To extract epigrams, we combined Unicode-based detection
of Greek characters with a RoBERTa-based language classification model (Liu et al. 2019). Uni-
code detection flags all text containing Greek letters, but many lines with Greek characters are not
epigrams (e.g., citations or editorial notes). RoBERTa-based language identification considers the
broader context and predicts whether a passage is predominantly Greek based on learned linguis-
tic patterns. This distinction would otherwise require a large set of complex rules based on line
length, punctuation, or layout. Using this approach we systematically digitized and organized the

3. https://www.dbbe.ugent.be/

4. Attested versions of epigrams as they appear in individual manuscripts.

5. We are grateful to Prof. Andreas Rhoby for providing the original Word documents of his edition, which signifi-
cantly simplified the extraction and processing of the epigrams from the source material.
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epigrams. Each epigram is identified by a composite key consisting of the chapter title and the
individual number assigned in the original editions.

3.3 Integrating Digital Papyrology

With the papyri.info platform, the Integrating Digital Papyrology (IDP) project aims to unify various
papyrological resources, linking digital transcriptions with metadata and images (Baumann 2013).
The platform offers two core components. On the one hand, there is the Papyrological Naviga-
tor (PN), which is a robust search and browsing interface that aggregates major datasets such as
the Advanced Papyrological Information System (APIS), the Duke Databank of Documentary Pa-
pyri (DDbDP), the Heidelberger Gesamtverzeichnis der griechischen Papyrusurkunden Agyptens
(HGV) and the Bibliographie Papyrologique (BP). On the other, there is the Papyrological Editor
(PE), which supports community-driven peer-reviewed editorial contributions in EpiDoc-encoded
TEI XML. Launched in 2010, the site has brought together more than 50 000 digitized Greek and
Latin papyri, mostly dated between the 4th century BC and the 8th century AD.

The dataset used in our experiments was created using the database of the Ghent University
EVWRIT project (Bentein 2025). The identifiers used to refer to the papyrus texts are the identifiers
used by Trismegistos (Depauw and Gheldof 2013).

3.4 PHI Greek Inscriptions

The Packard Humanities Institute’s (PHI) Greek inscriptions database® provides searchable access
to approximately 200 000 Greek inscriptions, spanning a chronological range from the 8th century
BC to the 6th—7th century AD. The database emphasizes textual accessibility and breadth. It
provides plain-text transcriptions without a critical apparatus and integrates material from major
printed corpora, including Inscriptiones Graecae and regional epigraphic collections. Although its
minimal editorial markup limits its direct use for critical editions, its structured format and consis-
tent encoding make it an indispensable tool for digital epigraphy, paleography, historical linguistics,
and the study of regional and chronological variation in the Greek language. Data was collected and
formatted using the scripts shared in the I.PHI project (Sommerschield et al. 2021). The identifiers
used to refer to the PHI texts are the identifiers used by Trismegistos (Depauw and Gheldof 2013).

4. Computational Methods

In this section, we provide in-depth background on the algorithms introduced in Section 2 and
applied in Section 5, explaining how they support the construction of both surface-level and semantic
clusters.

4.1 Surface-Level Similarity: MinHash-LSH

In this study, we measure textual resemblance at the surface level using MinHash with locality-
sensitive hashing. These techniques efficiently approximate pairwise similarity while scaling to large
corpora.

6. https://inscriptions.packhum.org/
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4.1.1 CHALLENGE: SCALING PAIRWISE TEXTUAL COMPARISON

A common method for quantifying similarity between documents is Jaccard similarity, which com-
pares sets of n-grams by dividing the size of their intersection by the size of their union (Jaccard
1901). For example, consider two short passages represented as sets of character trigrams:

A = {aaa, bbb, ccc}, B = {bbb,ccc,ddd}.

Their union is {aaa, bbb, ccc,ddd} and their intersection is {bbb, ccc}, giving a Jaccard similarity
of 2/4 =0.5.

Jaccard similarity is easy to compute for small datasets, but the number of required comparisons
explodes as the dataset grows, as each document must be compared to every other document. This
means that doubling the number of documents quadruples the work needed.” For example:

e 1 million documents require about 500 billion comparisons.
e 2 million documents require about 2 trillion comparisons.
e 4 million documents require about 8 trillion comparisons.

Given sufficient computational resources, a full pairwise comparison could in principle still be
performed on the data considered in this study, effectively yielding a brute-force solution. However,
our aim is to employ methods that remain computationally efficient as dataset sizes continue to
grow. Therefore, we focus on probabilistic and hashing-based techniques that mitigate the scaling
problem outlined above by avoiding explicit all-pairs comparison. These methods generate compact
representations of documents and allow likely matches to be identified efficiently without exhaustively
evaluating every pair (Navarro 2001).

4.1.2 FROM TEXTUAL REPRESENTATION TO MINHASH

MinHash is a prominent example of a probabilistic approach to similarity clustering. It has a long
history in large-scale information retrieval (Broder 1997) and remains a widely used component of
modern similarity search pipelines (Khan et al. 2024). It generates compact signatures for each
document by applying multiple hash functions to its shingles® and recording the minimum value
per hash. The fraction of matching minima between two signatures approximates their Jaccard
similarity.

Table 2 illustrates this principle. Each row represents a set of three 3-character shingles. Each
column introduces a new hash function, which is applied to all shingles in each set before proceed-
ing to the next. In the final column, we list the minima for every hash function, which form the
document’s signature. When comparing documents, we check how many values of their MinHash
signatures match. For instance, both rows share 2 as a minimum value for the first hash func-
tion (representing bbb) and 1 for the second (representing ccc). These matches indicate that the
corresponding documents are likely to contain overlapping shingles.

Intuitively, each individual hash function randomly samples the set, and may therefore miss
shared elements. For example, Hash 3 does not capture the similarity between these two sets. In

7. The number of pairwise comparisons between n items is given by the binomial coefficient (g), which counts all

=Y For example, with 10 000 documents, the

unique unordered pairs. This is equivalent to the formula
number of comparisons would be 10000 x 9999/2 ~ 50 million.

8. A shingle is a contiguous sequence of tokens treated as a single element in a set for similarity comparison. We use
the information-retrieval term “shingle” (common in MinHash/LSH) rather than “n-gram,” which is more typical

in language modeling.
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this case, the probability that a hash function selects such a non-shared element (aaa or ddd) as the
minimum is 2 out of 4, reflecting the fraction of elements outside the intersection. This is equal to
the Jaccard similarity of the sets, which is 2/4=0.5. By applying more independent hash functions,
these random misses balance out, and the fraction of matching minima across all hash functions
converges toward the true Jaccard similarity. The proportion of hash functions that indicate a
match becomes more stable as the number of hash functions increases. Most implementations allow
the number of hash functions to be configured. Defaults such as 128-256 typically provide a good
balance between accuracy and computational efficiency, although this can be adjusted depending on
corpus size or desired precision.

2-grams Hash 1 | Hash 2 | Hash 3 | MinHash Signature
{aaa, bbb, ccc} 12,2, 7 8,3, 1 4,95 2 1 4
{bbb, ccc, ddd} | 2,7, 11 3,1,6 9,5,2 2 1 2

Table 2: MinHash signatures for two shingle sets. The fraction of matching minima approximates
Jaccard similarity and becomes more accurate with additional hash functions.

4.1.3 LSH-BASED COMPARISON

Once we have computed MinHash signatures for all documents in our dataset, a naive approach
would be to compare every signature with every other signature to estimate pairwise similarities.
This quickly becomes impractical for large corpora, because the number of comparisons would still
grow quadratically with the number of documents. To address this, LSH is used as a prefiltering
step. Each MinHash signature is split into several bands, and only documents that share at least
one band are considered potential matches.

Table 3 illustrates this process. The sets “aaa, bbb, ccc” and “bbb, ccc, ddd” share identical
values in two bands and are therefore retained as potential matches. By contrast, “zzz, yyy, zzz”
does not share any band values with the other sets and is excluded from further comparison. Without
LSH, we would still need to compare every element of this set against all elements of the other sets
to confirm that no matches exist.

However, this signal is approximate: it provides no information about the specific overlap between
shingles or the magnitude of similarity. Therefore, these smaller candidate subsets are subsequently
examined in detail by analysing the original shingles. The actual number of pairs to analyse depends
both on the choice of LSH parameters and on the structure of the corpus. Fewer comparisons are
needed if we require documents to share a larger number of bands to be considered potential matches,
while corpora with many similar documents will naturally produce more candidate pairs.

Text Band 1 | Band 2 | Band 3
Set A: {aaa, bbb, ccc} 2 1 4
Set B: {bbb, ccc, ddd} 2 1 2
Set C: {zzz, yyy, 222} 5 6 7

Table 3: LSH splits MinHash signatures into bands. Sets sharing bands form candidate pairs.

Finally, candidate pairs identified through LSH can be grouped into clusters using standard
graph-based methods, where each text is treated as a node and edges are drawn between documents
deemed similar. We then apply a union—find algorithm (Cormen et al. 2022), which efficiently
merges nodes into the same cluster whenever they are connected by such edges, producing connected
components that represent groups of similar texts.
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4.2 Semantic Similarity: From Hierarchical Sentence Embeddings to Clustering

To cluster texts based on semantic similarity, we employ a hierarchical language model (HLM)
as the encoding architecture, trained using a student—teacher framework. The resulting sentence
embeddings are then clustered using an approximate nearest neighbor index, followed by grouping
based on connected components in the resulting similarity graph. In this section, we review the
theoretical foundations underlying both the modeling and the clustering methods.

4.2.1 SENTENCE-LEVEL HIERARCHICAL LANGUAGE MODELING

The model used in this study, kevinkrahn/shlm-grc-en?, is a Sentence-Level Hierarchical Lan-

guage Model (SHLM) designed for Ancient Greek and English. While the Hugging Face model
card references related publications (Krahn et al. 2023, Riemenschneider and Krahn 2024), the full
training configuration is not reproduced, so the following summary is based on the available model
card and configuration files.

The SHLM follows a hierarchical language modeling (HLM) approach (Sun et al. 2023),
encoding text at multiple levels: characters, words, and sentences. In the first stage, an intra-word
encoder processes each word as a sequence of up to 16 characters, generating character-informed
word representations. These are then passed to an inter-word encoder, which contextualizes the
words within the sentence and produces a final sentence embedding via CLS pooling. This hier-
archical structure is particularly advantageous for morphologically rich or low-resource languages,
as it captures both fine-grained linguistic patterns and overall compositional meaning, resulting in
robust embeddings. The principal architectural parameters are summarized in Appendix A.

To enable cross-lingual embeddings, the model employs multilingual knowledge distillation
(Reimers and Gurevych 2020, Krahn et al. 2023). During training, it learns to replicate the sentence
representations of a high-performing English teacher model'? using parallel Ancient Greek-English
sentence pairs from the Perseus Digital Library'! and First1KGreek'2. This process aligns Greek
and English texts in a shared semantic space, facilitating direct comparison and allowing the larger
model to transfer semantic information to the student model.

4.2.2 CLUSTERING

Once embeddings are obtained, we need an efficient way to search for similar items. To do this,
we use an inverted-file (IVF) index, as implemented in the FAISS library (Douze et al. 2025)!3.
IVF first partitions the embedding space into coarse clusters using k-means clustering (MacQueen
1967). These clusters group nearby embeddings around centroids, providing an approximation of
the underlying similarity structure. However, in practice, many genuinely similar items may lie near
the boundary between clusters, meaning that strictly searching within a single cluster would miss
relevant neighbors. To address this, IVF does not rely on a single cluster. Instead, for a given query,
it identifies the nearest centroids and searches across several of the closest clusters. This allows the
method to recover neighbors that fall just outside the primary cluster, while still avoiding a full
search over all embeddings. As a result, IVF strikes a balance: clustering reduces the search space
for efficiency, while probing multiple nearby clusters preserves accuracy by capturing cross-cluster
similarities.

9. https://huggingface.co/kevinkrahn/shlm-grc-en
10. https://huggingface.co/BAAI/bge-base-en-v1.5
11. https://github.com/PerseusDL/canonical-greekLit
12. https://github.com/OpenGreekAndLatin/First1KGreek
13. FAISS (Facebook AI Similarity Search) is a library for efficient similarity search and clustering of dense vectors.
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Once these candidate neighbors are identified, we construct a weighted graph where each text is
a node and edges represent the cosine similarity between texts. To detect communities in this graph,
we implement a union—find algorithm, which connects nodes into the same cluster whenever they
are linked by edges exceeding a similarity threshold. This approach is analogous to the clustering
step used with MinHash-LSH.

5. Experiment Setup

In the following section, we describe our approach to applying the surface-level and semantic simi-
larity methods introduced in Section 4 to both the DBBE dataset and the full corpus described in
Section 3. This allows us to compare clustering behaviour between a smaller, more structured dataset
and a larger, more heterogeneous collection. We focus on the conceptual flow of the experiments,
with detailed parameter settings provided in the corresponding appendices.

The full code used for these experiments is publicly available on GitHub'*, and an overview of
the experiment pipeline can be found in Appendix B. All experiments were configured with a focus
on scalability. Computational requirements are specified in Appendix C.

5.1 Database of Byzantine Book Epigrams
5.1.1 SURFACE-LEVEL CLUSTERING

For surface-level clustering, DBBE texts are preprocessed to reduce orthographic variation and
mitigate lacunae and spelling errors that would otherwise fragment the clusters. At the verse level,
we perform a grid search over shingle sizes and similarity thresholds to identify the configuration
that best reconstructs the DBBE Verse Groups. Shingle size 1 was excluded because single-character
shingles discard sequential structure and, given Greek’s small alphabet, most verses have many letters
in common, producing near-uniform Jaccard scores and little discriminative power. At the poem
level, each epigram is represented as the set of verse-cluster identifiers assigned in the previous
stage, and poem-to-poem similarity is computed via Jaccard overlap between these sets. Because
expert annotations are available for the DBBE, both stages are evaluated against these groupings
using precision, recall, and exact cluster recovery. However, the resulting optimum depends on
the DBBE editorial groupings, which reflect a particular set of scholarly judgments. The reported
metrics therefore indicate alignment with this perspective rather than absolute clustering quality.
The full configuration is given in Appendix D.

5.1.2 SEMANTIC CLUSTERING

For semantic-level clustering, DBBE texts are again preprocessed to reduce orthographic varia-
tion. Additionally, NFKC normalisation is applied to align with the conventions used during model
training!®, and only texts with at least six words (above the lower percentile) are retained to ensure
sufficient contextual information for semantic modeling. At the verse level, embeddings are then
computed using SHLM and structured into a graph based on cosine similarity. Verses are linked
when they exceed a similarity threshold, and connected components are considered clusters. Mul-
tiple threshold values are evaluated to identify configurations that best align with the clustering
structure in DBBE. At the poem level, poems are represented as sets of predicted verse clusters,

14. https://github.com/PaulienlLem/code-clin2026
15. NFKC normalization not only brings decomposed sequences (e.g. « with breathing and accent marks) into their
composed form (&), but also reduces typographic or variant letterforms (such as the lunate sigma c).
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and Jaccard similarity is computed between these sets, as in the surface-level pipeline. Evaluation
is done using precision, recall and exact cluster recovery using the DBBE ground truth. The full
configuration is given in Appendix E.

5.2 Full Dataset

For the large-scale corpus, no ground truth annotations exist, and the texts are more varied in
style, length, and formulaicity than the DBBE material. DBBE-derived parameter settings cannot
therefore be reused directly. Instead, parameters are selected by evaluating cluster structure using
a composite unsupervised criterion combining Davies—Bouldin index (Xiao et al. 2017)6, silhouette
scoring (Rousseeuw 1987)'7, and a non-singleton cluster ratio!®. Combined, these metrics capture
compactness, separation, and the avoidance of singleton clusters. Because the corpus is too large for
exhaustive parameter search, grid searches are conducted on a stratified sample of 10 000 documents,

and the best-performing configuration is then applied to the full dataset.

5.2.1 SURFACE-LEVEL CLUSTERING

For surface-level clustering on the full corpus, texts are preprocessed following the same pipeline
as for the DBBE, with two additions: elaborated gap-marker stripping to handle editorial lacuna
notation common in documentary sources, and a word-count filter to exclude lines that are too
short or too long for reliable comparison. At the line level, we search over shingle sizes and Jaccard
similarity thresholds on a stratified sample. We select the configuration that scores best on the
composite criterion described above, restricting the search to shingle sizes greater than 1. The best-
performing parameters are then used to cluster the full dataset at line level. At the document
level, each document is represented as the set of line cluster identifiers from the previous stage, and
Jaccard similarity over these sets is used to group documents together. A range of thresholds is
explored, again selected according to the same composite criterion. The full configuration is given
in Appendix F.

5.2.2 SEMANTIC CLUSTERING

For semantic clustering on the larger corpus, we apply a similar preprocessing pipeline as we did
on the DBBE dataset. We then generate the embeddings and perform line level clustering, where
thresholds are selected via a grid search on a stratified sample of lines from 10 000 documents. Since
no ground truth labels are available, we evaluate configurations using the same composite criterion
as in the surface-level approach. The best-performing parameters are then used to cluster the full
dataset at line level. In a subsequent step, we aggregate at the document level by representing
each document as the set of line-cluster identifiers it contains, and compute poem-to-poem similarity
via exact containment over these sets. The full configuration is summarised in Appendix G.

16. The Davies—Bouldin index captures how clearly clusters are separated while remaining internally cohesive.

17. The silhouette score provides a per-item measure of how well an item fits its assigned cluster compared to
neighbouring clusters.

18. We define the non-singleton cluster ratio as a simple regularisation term that measures the proportion of items
assigned to clusters containing more than one element, discouraging solutions with excessive singleton clusters
and favouring structurally informative groupings.
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6. Results

6.1 Database of Byzantine Book Epigrams

As a first step, we focus on the DBBE dataset, whose structured nature provides a basis for validating
our methods. Clustering is performed first at the surface level, followed by semantic level clustering,
with the results assessed through both quantitative metrics and qualitative inspection.

6.1.1 SURFACE-LEVEL CLUSTERING
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Figure 1: Verse-level grid search Figure 2: Epigram-level grid search perfectly reconstructed
perfectly reconstructed 69% of DBBE Types (Jaccard 0.317).
86.9% of DBBE Verse

Groups (shingle size 2,
Jaccard 0.6

Quantitative As a first step, we applied MinHash-LSH to build surface-level clusters on the DBBE
dataset. At the verse level, a shingle size of 2 and a Jaccard similarity of 0.6 perfectly reconstructed
86.9% of the DBBE Verse Groups (Figure 1). This configuration means that segmenting each
verse into overlapping two-character sequences and requiring that 60% of these sequences match is
sufficient to reconstruct most clusters. At the epigram level, a Jaccard threshold of 0.317 yielded
69% perfect reconstruction (Figure 2), suggesting that DBBE considers epigrams similar even when
only a small subset of their verses are orthographically aligned.

Qualitative To gain a deeper understanding of the algorithm’s behaviour, we examine a selection
of representative cluster examples. Appendix H presents one illustrative case for each of the four
observed outcome types: perfect reconstruction, splitting, merging, and mixed clusters.

When we look at the verse-level clusters, we notice that the algorithm produces perfect re-
constructions in the majority of cases (86.9%). It groups verses in the same way as DBBE, despite
differences in word order, accentuation, and morphological form. The most common divergence from
the DBBE classification is splitting: in the example shown, the presence of entirely different words
(t600ov dpbdoov instead of Bifrov tivde) leads the algorithm to separate verses that DBBE groups
based on their identical opening. Merged clusters (2.1%) arise when surface similarity overrides
finer editorial distinctions: variants combining Xpiotod, Xpvcootopov, otopa, and Iadlov are col-
lapsed into a single cluster that DBBE distinguishes more finely. In the mixed cluster example,
the algorithm does not treat auiv as a separating factor between two ground truth groups, merging
them together. However, it does exclude the verse 86&a oot k(Opl)e mavtwv évexev, whose unique
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phrase oot k(0pt)e produces a sufficiently distinct shingle profile to prevent it from merging with the
other four verses.

At the poem level (Appendix I), the approach reconstructs around 69% of DBBE Types. Even
when some similarities are missed, partial overlap in predicted Verse Groups can still be sufficient
for perfect clustering, as illustrated by the first example. In the split example, four epigrams that
should cluster together share only one predicted Verse Group (4032 - Aéwv 6 pdprog ebpebeig ék tdV
AOywv); other similar verses are not grouped due to missing text fragments, leaving the overlap too
limited for correct clustering. In the merged example, three two-verse epigrams share one similar
verse; a 50% overlap that is sufficient for the algorithm to combine them, despite DBBE distinguish-
ing them based on differences in the second verse. The mixed example shows partial recovery of
Type 3227 based on variants of 1 Bipro(g) adtn t(fig) pov(fig) yainoiov. However, one near-identical
epigram from Type 2492 was also included, despite having méAn instead of pov(fig)). Conversely,
epigram 19059, which DBBE also includes in Type 3227, is excluded because its incomplete verse
provides insufficient overlap for detection.

6.1.2 SEMANTIC CLUSTERING

In the second experiment, we continue to use the DBBE dataset to benefit from its structured orga-
nization, while shifting the focus from orthographic similarity to semantic similarity. This allows us
to evaluate whether semantically informed representations can recover meaningful groupings beyond
surface-level variation, and to compare their behaviour against the previously explored orthography-
based approach.

zzzzz

Jaceard similarity threshold

Figure 3: Verse-level grid search perfectly re- Figure 4: Epigram-level grid search recon-
constructed 67.1% of DBBE Verse structed 64% of DBBE Types (Jac-
Groups (cosine similarity 0.791) card 0.35)

Quantitative As shown in Figure 3, a relatively high cosine similarity threshold of 0.791 yields
the best results for verse-level clustering. At this setting, semantic clustering perfectly reconstructs
67% of the DBBE Verse Groups. At the poem level, a Jaccard threshold of 0.35 yields the best
results, reconstructing 64% of the DBBE Type clusters (Figure 4). However, when measuring the
overlap with the orthographic clusters, we find that 95% of the semantically clustered verses are also
clustered orthographically. Similarly, 88% of the semantically clustered poems are already captured
by the orthographic clustering. These results suggest two main findings.

Firstly, the semantic approach achieves lower coverage than the orthographic method. This is
partly due to the nearest-neighbour retrieval step, which restricts verse-level candidate comparisons:
33% of missed verses show high cosine similarity but fall outside the set of retrieved nearest neigh-
bours. The remaining 67% lie below the cosine similarity threshold. This latter group is likely
explained by two interacting factors: the strict similarity cutoff and limitations of the embedding
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space in capturing semantic similarity, potentially influenced by domain shift between the Classical
Greek training data and the more orthographically variable Byzantine Greek texts.

Secondly, the strong overlap with orthographic clusters may either indicate that surface form is
a dominant organising principle in the ground truth or reflect a residual sensitivity of the semantic
model to surface-level similarity. However, the small number of clusters found exclusively through
the semantic approach show higher orthographic variance at the verse level (Table 18, Appendix J)
and at the poem level (Table 20, Appendix K), and can be seen as evidence that the model captures
at least some degree of semantic similarity beyond shared surface forms.

Qualitative We examine the resulting clusters in greater detail to gain insight into how they are
formed, distinguishing between perfect, split, merged, and mixed clusters. Full examples can be
found in Table 19 (Appendix J).

At the verse level, the perfect cluster example confirms the strong alignment observed in the
quantitative analysis between semantic and orthographic clustering. The verses in this cluster differ
mainly in word order and minor lexical variation. In the split cluster example, a single DBBE
Verse Group is only partially reconstructed: two variants are excluded because they omit yfv or
reverse the ordering of yfjv and 8&hacoav; differences apparently sufficient for the algorithm to
withhold cluster membership. The merged cluster example unites verses from two ground truth
groups sharing the theme of rich gifts. While this suggests broader semantic sensitivity, partial
lexical overlap (e.g. mAovoioug, dwpeaic) indicates a mixed signal rather than a purely semantic
effect, though still beyond what surface-based methods such as MinHash-LSH would capture. The
mixed cluster example (3392) combines verses containing near-synonymous theological adjectives
(Beiwv vs. Beocd@wv) within the formula thv kaAloviy e T@V ... Adywv. At the same time, it excludes
verses that complete the same opening with more specific attributions such as tod Xpiotod pov or
o0 tpogrjtov. This indicates a mixed signal in which strong formulaic and lexical similarity coexists
with limited semantic variation.

At the poem level, the examples can be found in Table 21 (Appendix K). The perfect cluster
example again follows directly from verse level behaviour, showing high orthographic similarity. In
the merged cluster example, two poems are joined despite one verse differing substantially (&petig
nhong Eévog vs. év povaotaig kol B0tng). Their other shared verse is similar enough to push the
containment score above the threshold. The split cluster example shows a poem that is assigned to a
separate cluster from an otherwise coherent group: despite expressing comparable thematic elements
such as references to the hand, burial, and the persistence of writing, its verse-level structure and
lexical choices diverge enough at the verse level to prevent alignment. In the mixed cluster example,
the algorithm recovers a complete Type while also absorbing a single-verse poem whose sole verse
closely resembles the opening lines of the clustered epigrams. The presence or absence of mégnke is
not treated as sufficient grounds for separation, in contrast to the DBBE editorial classification.

6.2 Full Dataset

Having validated our approach on the DBBE dataset, we next turn to the full corpus. The same
two-step clustering workflow is applied: first at the surface level, then at the semantic level. For
each stage, optimal parameters are identified on representative subsets and subsequently applied to
the complete dataset. Outcomes are evaluated both quantitatively, using cluster quality metrics,
and qualitatively, by examining recurring patterns, textual parallels, and thematic groupings across
the corpus.
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6.2.1 SURFACE-LEVEL CLUSTERING
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Figure 5: Line-level grid search: Figure 6: Document-level grid search: Optimal
Optimal quality (0.797) quality (0.694) obtained at Jaccard
obtained at shingle size threshold 0.48.

2, Jaccard 0.6

Quantitative Analysis of a stratified sample indicated that optimal cluster quality was achieved
at a similarity threshold of 0.6 combined with a shingle size of 2. In practical terms, this requires
that two lines share roughly 60% of their two-character shingles to be considered similar. As a next
step, we applied this threshold to cluster the full line-level dataset. At the document level, the same
procedure was followed: a stratified sample was used for grid search, which identified an optimal
similarity threshold of 0.48, meaning that documents sharing at least 48% of their line-level clusters
were grouped together. This threshold was subsequently applied to cluster the full corpus.

Qualitative By analysing specific cases, we explore how the clustering captures patterns, and
what insights emerge when moving from a curated corpus to a broad, heterogeneous collection.
Firstly, we notice several clusters that seem to point towards a broader formulaic tradition. For
example, among the textual parallels between the DBBE and the corpus of Byzantine Inscriptional
Epigrams is the epigram shown in Table 4. This epigram is discussed by Rhoby (2009), who notes its
appearance in the dome of the church of Timios Stavros in Pelendri and draws attention to several
other churches in which similar or nearly identical texts occur. The version from the Timios Stavros
church is dated to the late fourteenth century. The version preserved in the DBBE! is dated to
around 1100 and is based on a transcription found in Duke University Library, Kenneth W. Clark
Collection, Greek MS 25, where it appears as a prefatory text to the Gospels of Luke and John.

Original Translation

"Eyo kpurrig te kol O(e0)g mhvtwv méhw: I am both judge and God of all;

[i800, mpo]kdag LY6Bev Tpod THg dikng behold, leaning down from on high before the judgment,
TAPEYYVDHOL TOVG ELOVG TNPETY VOROLG I command to observe my laws,

6oo1g BeAnTov xpuyeiv Tag Bach[voug]. to those who wish to escape the torments.

Table 4: BIE - Epigramme auf Fresken 251

Another example of formulaic tradition are the verses in Table 5. The BIE text is preserved as
an inscription on a Byzantine copper lamp dating to the tenth or eleventh century, as recorded in
Rhoby (2010). In the verse, Christ is asked for the forgiveness of sins, a prayer formula that, as

19. https://www.dbbe.ugent.be/occurrences/19024
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noted by Rhoby, occurs quite frequently, particularly at the end of epigrams inscribed on objects
commemorating a donation. A closely related variant dated to the twelfth century also appears in
DBBE?’. The presence of this variant in DBBE illustrates Rhoby’s observation that such prayer
formulae occur frequently and confirms that this formula was not confined to a single artifact but
circulated more broadly across different media and contexts.

ID Original Translation
BIE Mell5 S@Tep, TopPAoyov ADoLV TV 0QANpdTwy  Savior, grant release from sins
DBBE 21585  Xpioté, mapdoyov Abowv tdv 0pAnudteov  Christ, grant release from sins.

Table 5: Comparison of parallel epigrams BIE Mell5 and DBBE 21585

A second type of similarities we see appearing in the results, seems to point to shared textual
traditions. One example of this is the recurrence of the following epigram, inscribed on a statue
commemorating Oppian of Anazarbus, author of the Halieutica:

Original Translation

OnTavog kA£0G Eoyov aoidipov. dAAG pe potp(ov) I bore the undying glory of Oppian, but the envious thread of
Baoxavo(c) éEnpmake pito(g) kpuepog 8 aidng te- fate

k(ai) véov dvta katéoye TO(v) ebeming bmogrtny, snatched me away, and cold Hades with it;

el 8¢ oLV xpov(ov) Lw(fig) pipv(ewv) @B6vo(g) aivo(c) even in youth it claimed the herald of fine speech.

f0el(ev), ok &v pot tig ioov yép(ag) FAaye PwT@V Had dreadful envy been willing to grant me a long span of life,

no mortal would have obtained an equal share of honour.

Table 6: DBBE 19110

In DBBE, the epigram is linked to Heidelberg, Universitdtsbibliothek, Pal. gr. 40°' (14th century)
and Vatican City, Biblioteca Apostolica Vaticana, Urb. gr. 148** (15th century), which contain
the text of the Vita Oppiani. It also surfaces in the PHI database??, where the source is given as
Westermann (1845). However, Westermann’s edition ultimately draws on the Heidelberg manuscript
cited in DBBE. This demonstrates how similarity search not only exposes formulaic traditions but
also allows us to trace the transmission of texts across catalogues and editions, enabling deeper
comparative analysis of their content and metadata.

Thirdly, we frequently observe the repetition of standardized phrases that serve specific functional
purposes. Examples include the use of religious phrases such as Inood Xpiotod 100 0e0D kai cwthipog

(ex. bgu.3.725%*, DBBE 182812%), and dating formulae. The recurring nature of these phrases not
only aids in the identification and linking of texts across different sources but also offers insights
into administrative, religious, and social practices.

6.2.2 SEMANTIC CLUSTERING

Quantitative For the semantic pipeline, a grid search was conducted on a stratified sample of the
corpus to determine appropriate similarity thresholds. The results of the line-level analysis, shown
in Figure 7, indicate that a high cosine similarity threshold is required for the algorithm to provide
meaningful clusters. This is expected given the diversity of the corpus. Setting a high threshold
ensures that only line pairs with strong semantic alignment are considered, preventing weak or noisy

20. https://www.dbbe.ugent.be/occurrences/21585
21. https://www.dbbe.ugent.be/occurrences/24924
22. https://www.dbbe.ugent.be/occurrences/19110
23. https://epigraphy.packhum.org/text/286719
24. https://papyri.info/ddbdp/bgu;3;725

25. https://www.dbbe.ugent.be/occurrences/18281
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associations from forming clusters and thereby enhancing cluster stability. The settings resulting
from this sample set analysis were applied to cluster the full dataset on line level.

A grid search at the document level indicated that the highest quality score was achieved at a
relatively low Jaccard similarity threshold, suggesting that even partial overlap in predicted verse
clusters carries sufficient signal for grouping documents together. This may reflect the selectivity
already imposed by the high cosine threshold at the verse level.

Composite score

Figure 7: Line-level: Optimal cluster quality Figure 8: Document-level: Optimal cluster
(87%) at cosine similarity 0.74 quality (67%) at Jaccard 0.219

Qualitative From a qualitative point of view, the line-level clusters capture relatively loose con-
nections based on recurring motifs and shared vocabulary rather than tightly defined themes. For
example, consider the following three clusters (see Appendix L for the full list):

e Cluster 2311 — Measuring land: This cluster gathers lines discussing measurements of
land. While all lines revolve around the theme of assessing territory, the phrasing varies
significantly. Some verses from DBBE emphasize abstract or poetic measurements, whereas
papyri examples include more concrete surveying language.

e Cluster 2452 — No fire: Here, lines share the theme of avoiding or preventing fire. In-
ternally, there is a mix of poetic hypothetical statements and more pragmatic or legalistic
descriptions from papyri of fire prevention.

e Cluster 2602 — Crying & mother: This cluster groups lines centered on maternal grief
and tears. The majority of lines share this theme clearly, ranging from DBBE’s concise poetic
expressions to PHI and papyri texts with narrative or legal context, illustrating the diversity
of expression. A few lines, however, are only loosely connected, as some appear because they
include a matronymicon rather than expressing grief directly, highlighting that not all cluster
members are equally representative of the theme.

When these line-level clusters are aggregated at the document level, the thematic links become even
more generic, which is a predictable consequence of moving from smaller textual units to larger ones.
The documents in Table 7, for example, were clustered together likely because they share several
distinctive semantic features. Both PHI TM920177 and BIE TR95 are different editions of the same
source, but they do share with the DBBE epigram a distinctive specification of time, specifying years,
cycles, and other chronological markers. Other than that, all documents convey a sense of ending
or completion. The DBBE text marks the conclusion of a written work, while the PHI and BIE
texts describe the culmination of a life. Additionally, all passages exhibit a formal and ceremonial
tone, with structured phrasing and references to lineage or provenance. These shared thematic and
stylistic patterns might explain why the semantic clusterer grouped these texts together.
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Greek

Translation

DBBE 18750

Téhog OS¢ mépbaxkev, THode TG SéATOL.
MuanA 8¢ tadta ooL, TPooPwVeL Gvep:
"OoTig TobTTiKANY, O pecomoTapitng:
KAnpwod & adbig, émioxomniig evpimov:
Sovdyag obv Eypoa TV Kol poxOe:
Eig Beod te aiveowv kai Dpvwdiav:
[TenAnpwto 8¢ €v xpbdvolg Toig ToD KOGHOV,
Xuhag topédpaypev, EEamdovpévn-

Kai éxatovtag évvakoolooTr e

Zov téooapeg povolg Te, vov kol dekdrtolg:
TvdikTiovnG, SekdTng Kol TETEPTNG.

PHI TM920177

"Ovap t& vt kol oKLiG 008V TAEOV:
TO YOp @EPoV T& TPOTO TOO AOPTPOD YéVOUg
Kol PactAki €k QUARG KaTnYpHEVOY
Kopvnvopraotov kAfjpa tédv €k mop@eipov
éK yfg avioyov Tfde Sikehokpitoug

KOVIG KaADTTEL Kal Oohopevet okdTOG:

Kol T&PoVv oikel TAG KaTdpag xwpiov
piykty MavounA tédv xapitwv 1) fpdoic,
TO TPLOXKOGTOTEUTITOV AVOWV ETOG:

Sexdag ovv 1) éntddi Tod Tovviov

@uTOV popaivel Thg ayoBoPpuciog,

kotd SioentdpiOpov ivdiktov KOKAOV

Kol Kotdt YLALooTOV EEammAoby €Tog
pocAafov €kTOG Kol xpdvou mepLddoug
ENTOKOGIOG EVVEX TTPOG Talg dEKaL.

BIE Epigramme Auf Stein - TR95
"Ovop té whvto kol okLag 008V TAéov:
TO Yop @€pov Tod Aapstpod yévoug

Kol Pacthkig €k QUARG KaTNYHEVOY
Kopvnvopraotov kAfjpa @V €k Top@ipov
¢k yig avioyov tfde Zikedokpdrovg

KOVIG KaADTTTEL Kal Oohopevel oxdTog:

Kol Tégov oikel TG katdpag Ywpiov
piykty Mavound tédv xapitwv 1) fpdoicg,
TO TPLOKOGTOTEUTTOV AVOWV ETOG:

Sexdg ovv T1) ntddt Tod Tovviov

PUTOV popaivel Thg yaboPpuoiag,

kot SioemtdpiOpov ivdiktov kOKAov

Kol kotde XLAlooTov €€ammAodv €tog
pocAafov €kTOG kol xpdvou mepLddoug
éntaxoociog évved Tpog Talg déka.

The end of this tablet has come.

Michael addresses you with these words, O man.
Known by the surname, the Mesopotamian.
Of a cleric, again of episcopal office.

Having compiled, I wrote with toil and effort.
For the praise and hymnody of God.

It was completed in the times of this world.
A millennium has passed, multiplied.

And the nine-hundredth century.

With four and ten more now.

Of the indiction, the tenth and fourteenth.

All is a dream and nothing more than a shadow.
He who bore the foremost of the noble line.
And sprung from royal lineage.

A Komnenian shoot from the purple-born.
Rising from the land of Sikelokrates.

Dust covers him and darkness encloses him.
He inhabits the tomb, a place of curse.
Prince Manuel, fountain of graces.
Completing the thirty-fifth year.

On the seventeenth of June.

The plant of goodness withers.

Within the septennial indiction cycle.

And in the sixfold thousandth year.
Beyond the cycles of time.

Seven hundred and nine plus ten.

All is a dream and nothing more than a shadow.
He who bears the noble lineage.

And sprung from royal lineage.

A Komnenian shoot from the purple-born.
Rising from the land of Sikelokrates.

Dust covers him and darkness encloses him.
He inhabits the tomb, a place of curse.
Prince Manuel, fountain of graces.
Completing the thirty-fifth year.

On the seventeenth of June.

The plant of goodness withers.

Within the indiction cycle.

And in the sixfold thousandth year.
Beyond temporal cycles.

Seven hundred and nine plus ten.

Table 7: Thematic similarity in DBBE 18750, PHI TM920177, BIE TR95

In the second example, displayed in Table 8, both documents share a spiritual and ethical focus,
guiding the reader or listener toward moral or divine understanding. DBBE 18534 describes the
soul’s journey through wisdom and proper conduct, using imagery of light, fragrance, and guidance.
PHI TM140971 similarly addresses the human soul navigating challenges, highlighting correct action
and divine oversight. The use of natural metaphors and the recurring theme of moral or spiritual
direction link the two texts semantically: both concern how a person should live in accordance with
divine or ethical law, making them conceptually and thematically related.
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Greek Translation

DBBE 18534

1 Piprog Nde t@dV BeomvedoTwv Aoywv: This book of divinely inspired words

AEWHOV TEPUKE PUXLIKDV APWHATWV: has become a meadow of spiritual fragrances
TovTnV SteABov vouvex®dg, Yuxnv gile Having passed through this wisely, dear soul
evwdLhoelg Tv(evparo)g evwdio: you will smell the fragrance of the Spirit

1 Biprog abtn TV B(e0)0 TpoSTAYHATWV, This book of God’s commandments

Abxvog mé@uke TOIg oot Ko 9dG Tpifoig: has become lamp for the feet, light for paths
taOTnVY SteABdv vouveydg, Todg oodg dHS(0g) Having passed through this wisely, your feet
kotevBuveig av(Bpwm)e mpog Bei(ag) Tpifoug: you will direct, O man, toward divine paths

PHI TM512665

QAN omoTapuyT) TPOAiTY P&og deAiov, But when the soul leaves the light of the sun
Se€10v eio10L, wg del Tva TeQUAYpEVOVY enter on the right, as one must, being guarded
0 pého mhvtor xoipe mabov T méon- fully in all things; rejoice in suffering

po- 0 8 obmw mpdcbe émenodvels: Beog éy- but what you had not yet suffered before, God,
évou €€ avBpmov, €pLpog £g Yoo born from a human, like a kid to milk

gémetec. xaipe, de€uirv 0doimop[av] you followed. Rejoice, walking the right path
AEWPOVAG T LEpOVG KAT< T'> GAGEX and sacred meadows among groves
depoegoveiog. of Persephone

Table 8: Comparison of DBBE 18534 and PHI TM512665 showing thematic similarity.

7. Discussion & Future Work

Experiments show that both surface-level and semantic clustering are not only scalable but also
worthwhile: both produce strong quantitative results on the DBBE corpus and yield orthographic
and thematic insights when applied to larger datasets. These findings raise broader questions about
similarity detection in historical corpora.

When looking at the DBBE corpus, a striking observation is that both orthographic and semantic
clustering surface predominantly orthographically similar material. This suggests that Byzantine
epigram transmission operated primarily through close textual copying rather than through para-
phrase, and that DBBE’s editorial groupings implicitly reflect this orthographic logic. At the same
time, the experiments reveal a smaller layer of semantic variation, where similar meaning is ex-
pressed through different vocabulary, suggesting that at least some degree of adaptive transmission
is present in the corpus, and that this dimension may repay further philological investigation even
if it remains subtle relative to the dominant orthographic signal. Interpreting this semantic layer
is not straightforward, however. In practice, surface-form similarity and semantic similarity often
co-occur, and the embedding model may encode both simultaneously, making it difficult to separate
their respective contributions to clustering behaviour. This is further complicated by the domain
shift between the Classical Greek data on which the model was trained and the more orthographi-
cally variable Byzantine material, as well as by general model limitations in capturing fine-grained
semantic distinctions. Future work could address this more systematically, for example by using
datasets in which semantic and orthographic similarity are more clearly decoupled, or by explicitly
quantifying orthographic overlap within semantically derived clusters.

When the analysis scales to the larger, unlabeled corpus, the relative sparsity of clusters is to be
expected given the heterogeneity of the material, but the clusters that do emerge are informative in
qualitatively different ways depending on the method. Surface-level clustering via MinHash produces
tight, high-precision groups that offer direct evidence of shared manuscript traditions and formulaic
conventions. The cross-corpus parallels identified in our experiments illustrate how surface-level
similarity search can trace lines of textual transmission across institutional boundaries and media.
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The recurrence of standardised religious and administrative formulae across papyri and epigrams
further demonstrates that certain fixed expressions functioned as broadly shared cultural currency,
not confined to a single tradition or genre. Semantic clustering, by contrast, produces broader
thematic groupings that operate at a different level of granularity and serve a different research
purpose: the clusters identified in the full corpus group texts that are conceptually related without
sharing wording, tracing topical and imagistic affinity rather than copying. These two levels of
similarity are thus not competing but complementary, each addressing a distinct historical question.

At the same time, clustering inevitably involves methodological choices. While we opted for a
combined quality score to evaluate the unlabeled dataset, different research aims, corpus character-
istics, and embedding models could require different scoring mechanisms, thereby highlighting other
facets of textual similarity. This does not contradict a data-driven stance; rather, it highlights that
exploration and interpretation are intertwined and that selecting among plausible configurations
without unintentionally steering the analysis remains a genuine methodological challenge. Against
this backdrop, human-in-the-loop clustering offers a particularly promising direction for future work.
Starting from the structures surfaced by the data, researchers can iteratively refine clustering in a
human-in-the-loop setting, for instance by adjusting similarity thresholds, revisiting feature choices,
or re-evaluating borderline cluster assignments, thereby aligning results more closely with interpre-
tive questions while preserving mathematical consistency.

Beyond this, the study highlights the potential of working with large corpora to situate textual
traditions within a broader context. Future research could build on this by creating larger-scale
datasets, particularly for historical Greek where data remain relatively scattered. This would enable
cross-corpus analyses that reveal broader patterns of linguistic, thematic, and formulaic variation.

In addition, future work could investigate hybrid methods combining surface-level and semantic
similarity measures. For example, semantic similarity could be used to construct thematic clusters,
within which surface-level similarity metrics are then applied to analyse orthographic variation
among closely related expressions.

8. Conclusion

This study set out to explore the opportunities and challenges of applying large-scale, unsupervised
similarity techniques to Greek corpora. Whereas most existing work remains tied to narrow research
questions and small, domain-specific datasets, which limits both computational scalability and gen-
eralisability, our approach examined what becomes possible when assumptions are minimised and
data-driven patterns are allowed to emerge. By developing two complementary pipelines, one based
on MinHash-LSH for surface-level similarity and one based on transformer-based embeddings for se-
mantic similarity, we demonstrated that unsupervised methods can reveal latent structural patterns
without relying on predefined hypotheses.

A combination of targeted tests and quantitative analyses showed that these methods can detect
meaningful relationships across texts at different levels of granularity. The surface-level pipeline
efficiently identifies repeated forms and near-duplicate passages, while the semantic pipeline uncovers
higher-level conceptual affinities.

Overall, this study provides both a scalable technical framework and a conceptual foundation
for future work on interactive, exploratory analysis of large textual corpora. By integrating human
judgment with computational detection of linguistic and semantic structure, forthcoming research
has the potential to support new forms of philological inquiry and to illuminate broader patterns
across expanding and increasingly interconnected historical Greek datasets.
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Appendix A. SHLM Structure

Component Parameter Value
Intra-word encoder  Transformer layers 4
Intra-word encoder Attention heads 12
Intra-word encoder  Hidden dimension 768
Intra-word encoder ~ Maximum characters per word 16
Intra-word encoder Character vocabulary size 512
Inter-word encoder  Transformer layers 12
Inter-word encoder  Attention heads 12
Intra-word encoder Hidden dimension 768
Inter-word encoder Feedforward dimension 2048
Inter-word encoder Maximum sequence length 256
Sentence embedding Output dimension 768

Table 9: Architectural parameters of the SHLM model used in this study
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Appendix B. Experiment Pipeline
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Figure 9: Schematic representation of text processing for the DBBE data
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Figure 10: Schematic representation of text processing for the full dataset
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Appendix C. Computational Requirements

Component Specification

Python Version 3.11.3

CPU Cores 32 physical / 32 logical

System RAM 376 GB

GPU Model NVIDIA Tesla V100-SXM2-32GB

GPU Memory 32 GB HBM2
Driver / CUDA  Driver 580.95.05, CUDA 13.0

Table 10: Summary of the HPC execution environment.

Procedure Step Time Peak RAM Peak GPU
Surface-Level Clustering Line-level 6 min 42 s 1.99 GB 0 GB
Document-level 6 min 48 s
Semantic Clustering Embedding generation 71 min 26.89 GB 12 GB
Line-level 11 min
Document-level 24 s

Table 11: Processing time and peak resource usage of full dataset experiments.
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Appendix D. Methodology - DBBE Orthographic Clustering

Component

Configuration

Motivation

Preprocessing (applied to all stages)

Lowercasing Applied Reduces orthographic variation due to case inconsistencies
Diacritics removal Applied Normalizes inconsistent or noisy accentuation
Punctuation removal Applied Normalizes inconsistent or noisy punctuation

Stage 1 — Verse-level clustering

Shingle size
MinHash signatures
LSH bands
Similarity metric
Clustering method
Threshold selection

Evaluation

2-5 character grid
search

128 permutations

16 bands (8 rows each)
Jaccard similarity
Union-Find

40-90% (grid search)

Precision, recall, per-
fect clusters

Tests sensitivity of similarity detection across increasing
character-context windows.

Standard trade-off between accuracy and efficiency
Efficient candidate generation while limiting false negatives
Measures overlap between LSH-prefiltered pairs

Cluster with verses (nodes) and Jaccard similarity percent-
ages (edges)

Explore optimal similarity percentage required to draw
edges.

Measures alignment with DBBE Verse Groups

Stage 2 — Poem-level clustering

Poem representation

Similarity metric
Threshold selection

Evaluation

Set of Stage 1 predicted
Verse Group IDs
Jaccard similarity

10 Jaccard similarity
thresholds between 1st
and 99th percentile
Precision, recall, per-
fect clusters

Lifts verse-level evidence to poem level
Exact similarity computation on predicted Verse Group sets
Thresholds chosen from the observed range of poem-to-poem

Jaccard similarities

Measures alignment with DBBE Type groupings

Table 12: Preprocessing and grid-search configuration for surface-level clustering.
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Appendix E. Methodology - DBBE Semantic Clustering

Motivation

Component Configuration
Preprocessing (applied to all stages)
Lowercasing Applied
Unicode NFKC
Diacritics removal Applied
Punctuation removal Applied

Min verse length

6 tokens ( > lower quartile)

SHLM is case-sensitive: we assume treating
MuyonA and pyonA differently would not im-
prove results.

Standard used during model training
Normalizes inconsistent or noisy accentuation
Normalizes inconsistent or noisy punctuation
Minimal context for semantic interpretability

Stage 1 — Verse-level clustering

Embedding model
Indexing

Clustering method

Threshold selection

Evaluation

SHLM

IVF + nearest-neighbour re-
trieval (200 neighbours)
Union—Find

10 cosine values between the
50th and 99th percentile of
similarities within the selected
neighbours

Precision, recall, F1, perfect
cluster recovery

See Section 4
See Section 4

Cluster selected neighbours with verses as
nodes and cosine similarities as edges.
Targets similarity levels where true verse rela-
tions emerge, excluding noise.

Measures alignment with DBBE Verse Groups

Stage 2 — Poem-level clustering

Poem representation
Similarity metric
Threshold selection

Evaluation

Set of Stage 1 predicted verse-
cluster IDs
Jaccard similarity

10 Jaccard similarity thresholds
between 1st and 99th percentile
Precision, recall, F1, perfect
cluster recovery

Lifts verse-level evidence to poem level

Exact similarity computation on predicted
Verse Group sets

Thresholds chosen from the observed range of
poem-to-poem similarities

Measures alignment with DBBE Type group-
ings

Table 13: Preprocessing and grid-search configuration for semantic clustering.
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Appendix F. Methodology - Full Dataset Orthographic Clustering

Component

Configuration

Motivation

Preprocessing (applied to all stages)

Lowercasing Applied Reduces orthographic variation due to case inconsistencies

Diacritics removal Applied Normalizes inconsistent or noisy accentuation

Punctuation removal Applied Normalizes inconsistent or noisy punctuation

Gap-marker removal Applied Strips editorial lacuna markers ([ 1,< >, { }, ..., --, etc.)

Word-count filter 6-50 words Removes incomplete lines and outliers with insufficient or
excessive content

Sampling

Document eligibility 2-10 lines Make sure we compare similar documents

Sample size

10 000 documents

Balances coverage with computational tractability

Stage 1 — Line-level clustering

Shingle size
MinHash signatures
LSH bands
Similarity metric
Clustering method
Threshold selection

Scoring criterion

2-5  character
search

128 permutations
16 bands (8 rows each)
Jaccard similarity
Union-Find

grid

40-90% (grid search)

Composite (DBI, sil-
houette proxy, NSR)

Tests sensitivity of similarity detection across increasing
character-context windows.

Standard trade-off between accuracy and efficiency
Efficient candidate generation while limiting false negatives
Measures overlap between LSH-prefiltered line-pairs
Clusters lines (nodes) connected by edges exceeding the Jac-
card threshold

Explore optimal similarity percentage required to draw
edges.

Unsupervised objective balancing cluster quality and graph
sparsity

Stage 2 — Document-level clustering

Document representa-
tion

Similarity metric
Threshold selection

Scoring criterion

Set of Stage 1 line-
cluster IDs

Jaccard similarity

15 Jaccard similarity
thresholds between 5st
and 95 percentile
Composite (DBI, sil-
houette proxy, NSR)

Lifts line-level evidence to document level
Exact similarity computation on predicted line group sets
Thresholds chosen from the observed range of document-to-

document similarities

Same unsupervised criterion as Stage 1

Table 14: Preprocessing and grid-search configuration for surface-level clustering on the unsuper-

vised corpus.
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Appendix G. Methodology - Full Dataset Semantic Clustering

Component

Configuration

Motivation

Preprocessing (applied to all stages)

Lowercasing Applied Reduces orthographic variation due to case inconsistencies

Diacritics removal Applied Normalizes inconsistent or noisy accentuation

Punctuation removal Applied Normalizes inconsistent or noisy punctuation

Gap-marker removal Applied Strips editorial lacuna markers ([ 1,< >, { }, ..., --, etc.)

NFKC normalisation Applied Consistent with SHLM training convention; also normalises
variant letterforms (e.g. lunate sigma)

Token-count filter 6-50 tokens Removes lines too short for reliable semantic similarity and
outliers dominated by noise

Sampling

Document eligibility 2-10 lines Ensures comparability across documents

Sample size

Up to 10 000 docu-
ments

Balances corpus coverage with computational tractability

Stage 1 — Line-level clustering

Embedding model
Indexing

Similarity metric
Clustering method

Threshold selection

Scoring criterion

SHLM
IVF + nearest-
neighbour retrieval

(200 neighbours)
Cosine similarity

Union—Find

10 thresholds, 50th—
99th percentile of KNN
similarity distribution
Composite (DBI, sil-
houette proxy, NSR)

See Section 4
See Section 4

Measures angular distance between L2-normalised embed-
dings

Clusters lines (nodes) connected by edges exceeding the co-
sine threshold

Sweep range derived from the observed similarity distribu-
tion; mirrors MinHash grid-search design

Unsupervised objective balancing cluster quality and graph
sparsity

Stage 2 — Document-level clustering

Document representa-
tion

Similarity metric
Threshold selection

Scoring criterion

Set of Stage 1 line-
cluster IDs

Jaccard similarity

10 Jaccard similarity
thresholds between 1st
and 99 percentile
Composite (DBI, sil-
houette proxy, NSR)

Lifts line-level evidence to document level
Exact similarity computation on predicted line-level clusters
Thresholds chosen from the observed range of document-to-

document similarities

Same unsupervised criterion as Stage 1

Table 15: Preprocessing and grid-search configuration for semantic clustering on the unsupervised

corpus.
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Appendix H. DBBE Verse-Level Orthographic Clusters

Cluster Type Ground Verse Epigram
truth (Type ID)
PERFECT (86,9%)
Perfect 19323 Kawv trig [nepi]dog, toxw tig TdV €[plpnv]- 22737 (5516)
Perfect 19323 K&V TGOV éplowv TG pepidog TuyXdvw; 35965 (35964)
SPLIT (10,3%)
Split 16669 &g av &xng fidvopa k(i) Piprov trivde: 34810 (34800)
Split 16669 &g & Exng fidvopa ko Piprov THvSe, 34807 (34800)
Split 16669 Missed: &g &v &xng fidvopa kol mébov 21587 (4918)
dpooov-
MERGED (2,1%)
Merged 5452 oTOpa 8¢ arbAov T XpuoooTOpoL oTopa <+ 17130 (4312)
Merged 18624 % X(pLoto)d otopa TéPuke TOD TardAov otopar 17130 (4312)
Merged 18624 + XPLOTOD OTOPA TEPUKE TO TADAOL GTOH 21413 (4828)
Merged 18624 Xpiotod 8¢ otopa Tob Iadrov wérer otopa, 22845 (5586)
Merged 18624 XproTod 8¢ otopa tod [Madrov mélet otope, 35527 (5586)
Merged 18623 Ei Hodhov otopa 100 Xpucootopov otope, 22845 (5586)
Merged 18623 To otopa Hadhov otépa 100 Xpucootopov 25422 (5862)
Merged 18623 Ei HadbAov otépa to0 Xpucootdpov otopa, 35527 (5586)
Merged 18625 to0 Xpuoootopov Xpiotod ko IodAov 35527 (5586)
Merged 18625 o0 Xpuoootépov Xpiotod kai IMadrov 22845 (5586)
oTOpOL.
MIXED (0,7%)
Mixed 15377 Missed: 86Ea oot k(Opy)e Thvtwv Evekev + 21267 (4692)
Mixed 15377 d6Ea @ B(e)d vty | Evekev: 30654 (5642)
Mixed 15377 + doka 1o B(g)w Nu(@V) Tovt(wv) évekev 21974 (5642)
Mixed 4210 SOEa T B(e)d ThvTV Eveka aprivi- 23987 (6208)
Mixed 4210 + 8OEa td O(e)d mhvtwv Evexar apr) 25714 (5642)

Table 16: Each subsection shows one predicted verse cluster: it either perfectly matches the ground
truth (Perfect), misses part of it (Split), misses some and merges other ground truth
groups (Mixed), or fully merges multiple ground truth clusters (Merged). Type links
provide high-level translations complementing the verses shown here.
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https://www.dbbe.ugent.be/occurrences/22737
https://www.dbbe.ugent.be/types/5516
https://www.dbbe.ugent.be/occurrences/35965
https://www.dbbe.ugent.be/types/35964
https://www.dbbe.ugent.be/occurrences/34810
https://www.dbbe.ugent.be/types/34800
https://www.dbbe.ugent.be/occurrences/34807
https://www.dbbe.ugent.be/types/34800
https://www.dbbe.ugent.be/occurrences/21587
https://www.dbbe.ugent.be/types/4918
https://www.dbbe.ugent.be/occurrences/17130
https://www.dbbe.ugent.be/types/4312
https://www.dbbe.ugent.be/occurrences/17130
https://www.dbbe.ugent.be/types/4312
https://www.dbbe.ugent.be/occurrences/21413
https://www.dbbe.ugent.be/types/4828
https://www.dbbe.ugent.be/occurrences/22845
https://www.dbbe.ugent.be/types/5586
https://www.dbbe.ugent.be/occurrences/35527
https://www.dbbe.ugent.be/types/5586
https://www.dbbe.ugent.be/occurrences/22845
https://www.dbbe.ugent.be/types/5586
https://www.dbbe.ugent.be/occurrences/25422
https://www.dbbe.ugent.be/types/5862
https://www.dbbe.ugent.be/occurrences/35527
https://www.dbbe.ugent.be/types/5586
https://www.dbbe.ugent.be/occurrences/35527
https://www.dbbe.ugent.be/types/5586
https://www.dbbe.ugent.be/occurrences/22845
https://www.dbbe.ugent.be/types/5586
https://www.dbbe.ugent.be/occurrences/21267
https://www.dbbe.ugent.be/types/4692
https://www.dbbe.ugent.be/occurrences/30654
https://www.dbbe.ugent.be/types/5642
https://www.dbbe.ugent.be/occurrences/21974
https://www.dbbe.ugent.be/types/5642
https://www.dbbe.ugent.be/occurrences/23987
https://www.dbbe.ugent.be/types/6208
https://www.dbbe.ugent.be/occurrences/25714
https://www.dbbe.ugent.be/types/5642

Appendix I. DBBE Poem-Level Orthographic Clusters

Cluster Pred Poem Verses Epigram Pred

Type Verse (Type ID) Cluster
Group

PERFECT (69.4%)

Perfect 6963 + aovpmadng av(Bpom)e k(at) Bovov yépwv- 35328 (33768) 442
1402 i yap PraPrion mpog x&ptv Tov oikét(nv)
-1 odlew 0(e0) BéAovTog €€ edomha(...)xviog:-

Perfect 6963 aovpmadng av(Bpwm)e | (kai) goov(...) yépwv- | 35329 (33768) 442
1402 (...) PraPron mpo(g) | x&p(wv) T(ov) oikét(nv)
3166 o®{(w) | B(e0)d BéNovTOG €€ ebomAay|yviog

Perfect 6963 + aovpmabrg av(Bpwm)e, (kat) | pB6vou yépwv- | 35330 (33768) 442
1402 i yap PraPrion pog | x&piv TOV oikétny, |
3166 o&Olewv B(e0)D BéAovTog | € edomAayyvi(ag): +

SPLIT (0.6%)

Split 4032 (-..)&prog ebpebeig ex TV Aoy(wv), 23744 (5810) 484
1151 (...)ovg PpuxnBp(ovg) eEepevyetaun kTiceL:
4014 (...)riong mrd€aoca Soprddog diknv,
2146 (...)vovg exmégpevye Thg TAavng Bpodyxovg:

Split 4032 (... )&px(0g), evpebd(eic) éx TV AOY(wV), 26247 (5810) 484
1151 @pxTovg Bpuxndp(odg) | (...)evyeTan kTicer
6774 obg 1 kteiong nro€aoca dopkad(og) | (...)nv,
2146 Tobg dewvoig ékmépevye Thg Thavng Ppdy(ovg)|

Split 4032 +AEwVv O péprog evpebeig ek T(GV) Aoy(wv) 25870 (5810) 894
4048 QpT(dS) PpuxnOR(GV) €€epel(...) kTVT(OVG) |
6932 odg 1) xtio(1g) mth€aca dopkad(...) (...)knv,
6478 T(0dg) dvomAdk(ovg) mépevye T(...)

Split 4032 Mwv 0 péprog evpebeig €k TGOV, Aoy 23223 (5810) 894
4048 QPIKTOV PpuxnOuGV e€epedyeTan KTVUTOVG
6932 odg 1) ktiowg nrh€aca dopkadog diknv
1418 ToUG SuoTAdKOLG TEPELYE TR TAAVNG PpoyOULG.

MERGED (18.1%)

Merged 5618 Yaltipog ¢Efynoig xpipectdrn 18258 (2659) 912
1859 epunveiag éxovoa TOAADV TATEPWV

Merged 3013 Beopu|AdxTov moévog Povhyapi(ag), | 20998 (4506) 912
5618 1" (¢otw) éEnynoig axpiPectdrn:

Merged 5618 +Jadtipog e€fynoig axpiBeotar(n)- 22513 (2659) 912
1859 épunvei(ag) éxovoa (...) m(at)épwv:-

MIXED (11.9%)

Mixed 3833 1 Bipro(g) adtn t(fg) pov(fig) yahnotiov: 24032 (3227) 239
-1 t(fig) ke(évng) éyyrota t(fic) épecicwv +

Mixed 3833 Biprog attn povig Tod 'odnoiov: 25391 (3227) 239

Mixed 3833 - BipA(og) tepd, Trig poviig TaAnsiov 17249 (2211) 239

Mixed 3833 1 BipAog adtn méAn Tod yaAnoiov 17990 (2492) 239

Mixed 4839 7 Biprog awtn tng povig (...) 19059 (3227) 1132

Table 17: Example poem-level clusters. Perfect clusters reconstruct ground truth, split clusters
miss part of a ground truth, merged clusters merge multiple ground truth groups into one
cluster, mixed clusters combine some and split other ground truth clusters. Type IDs in-
dicate ground truth groupings. Type links provide high-level translations complementing
the poems shown here.
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https://www.dbbe.ugent.be/occurrences/35328
https://www.dbbe.ugent.be/types/33768
https://www.dbbe.ugent.be/occurrences/35329
https://www.dbbe.ugent.be/types/33768
https://www.dbbe.ugent.be/occurrences/35330
https://www.dbbe.ugent.be/types/33768
https://www.dbbe.ugent.be/occurrences/23744
https://www.dbbe.ugent.be/types/5810
https://www.dbbe.ugent.be/occurrences/26247
https://www.dbbe.ugent.be/types/5810
https://www.dbbe.ugent.be/occurrences/25870
https://www.dbbe.ugent.be/types/5810
https://www.dbbe.ugent.be/occurrences/23223
https://www.dbbe.ugent.be/types/5810
https://www.dbbe.ugent.be/occurrences/18258
https://www.dbbe.ugent.be/types/2659
https://www.dbbe.ugent.be/occurrences/20998
https://www.dbbe.ugent.be/types/4506
https://www.dbbe.ugent.be/occurrences/22513
https://www.dbbe.ugent.be/types/2659
https://www.dbbe.ugent.be/occurrences/24032
https://www.dbbe.ugent.be/types/3227
https://www.dbbe.ugent.be/occurrences/25391
https://www.dbbe.ugent.be/types/3227
https://www.dbbe.ugent.be/occurrences/17249
https://www.dbbe.ugent.be/types/2211
https://www.dbbe.ugent.be/occurrences/17990
https://www.dbbe.ugent.be/types/2492
https://www.dbbe.ugent.be/occurrences/19059
https://www.dbbe.ugent.be/types/3227

Appendix J. DBBE Verse-Level Semantic Clusters

Cluster Ground Verse Epigram
Type truth (Type ID)
Perfect 10886 o1in tpépwv, | (...)e, ko (...) 24363 (6352)
Perfect 10886 otin Tpépwv &v(Bpwm)e kal VEBwV K&Tw 31129 (6352)
Perfect 10629 + HovouTr|A TTéQUKA TUKTIG TOD BOLAWTOD: 20866 (2909)
Perfect 10629 + 0e0d®pov méQuka. TUKTIG | TOD dfnvaiov. 22623 (2909)
Perfect 10583 GANG TO Kpipar TOD TEPVELY €0TL pPéya 20479 (4241)
Perfect 10583 AAAG TO Kpipa Toprg EoTt Pia. 30844 (4241)
Perfect 18516 elyov pot 00t yaPpud td aOAiw: 23838 (6141)
Perfect 18516 + gbyou pot B0t T@ Téhor pokaryior | 20336 (4186)
Perfect 14796 emto 8¢ X1Aad@dV ETL kol TTévTe 20402 (4210)
Perfect 14796 et YMadwy Te Kol TpLdV ETL- 19858 (36300)
Perfect 13821 peplopov ex téooap(ag) dpx(ag) Aappav(ew). | 17794 (2340)
Perfect 13821 pepiop(ov) eig Téooap(og) apy(ag) elopépwv: | 32932 (2340)
Perfect 7561 [eiAnglev téppa, Bifrog ide [odv m6]Bw- 22737 (5516)
Perfect 7561 AApe TéA(og) Biprog ide oLV THOw- 17613 (2189)
Table 18: Examples of verse pairs that were discovered exclusively based on the semantic similarity

Cluster

search. Type links provide translations complementing the verses shown here.

Predicted Verse Epigram

GT
(ID, Size)

Type ID

(Type ID)

PERFECT (67.1%)

Perfect 661 18364 (5) ¢E 11G K&Tw TTimTovoLY &poveg povoL 20157 (3401)
Perfect 661 18364 (5) $E fig x&tw | imrovow| &gpoveg| povou- 21943 (3401)
Perfect 661 18364 (5) Kkdro mintwol dppoveg povol: 22079 (3401)
Perfect 661 18364 (5) &ppoveg povoL KATw TTTOVGLY, V. 35393 (35391)
Perfect 661 18364 (5) ¢E 1ig K&Tw TinTovoLY EPpoveg povoL.+ 19288 (3401)
SPLIT (20.3%)
Split 1023 16163 (4) YAV Yop &moacav koi Odhacoov v Spoung 18745 (3023)
Split 1023 16163 (4) YAV yap dnacay kol 0 acoav &v Spépung | 25066 (3023)
Split 3275 16163 (4) Missed: T(1v) yap &nacav (koi) Odhaccav &v 20597 (3023)
dpapng
Split 2523 16163 (4) Missed: 0alaco(av) kol yiv T(1v) dnocav et 21487 (34498)
Spaypoig
MERGED (2.6%)
Merged 2538 8924 (1) Toig TAovai(olg) cov dwp(olg) evnpepi(av) 18877 (3092)
Merged 2538 11260 (1) Sv avt(&)perfon dwpeaig cov mhovoioug : - 16926 (3665)
MIXED (10%)
Mixed 3392 5396 (2) TV KaAAoviv Te TV Ode Oelwv Aoywv- 21025 (1955)
Mixed 3392 9904 (4) TV kaAlovijv Te T@dV Be0c0PwV AOYwV: 24980 (5884)
Mixed 1784 5396 (2) v kaAlovijv 8¢, TV Adywv ToD XpLoTod pov: 18806 (1955)
Mixed 2998 9904 (4) THv koaAlovijv 8¢ tdV ToD Tpo@rTov Adywv: 17094 (1955)
Mixed 2998 9904 (4) v kaAhoviv 8¢ T&V T0D TPoPHTOL AdYywV- 20470 (1955)
Mixed 7726 9904 (4) (Mv) (.)Ahoviv (88) t(@v) Tod mpoerit(ov) 24540 (1955)

AOYO(V):

Table 19: Examples of predicted verse clusters: Perfect clusters match a single ground truth group;

Split clusters fragment a true group; Merged clusters combine multiple groups; Mixed

clusters exhibit both splitting and merging behavior.

complementing the verses shown here.
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https://www.dbbe.ugent.be/verse_variants/10886
https://www.dbbe.ugent.be/occurrences/24363
https://www.dbbe.ugent.be/types/6352
https://www.dbbe.ugent.be/verse_variants/10886
https://www.dbbe.ugent.be/occurrences/31129
https://www.dbbe.ugent.be/types/6352
https://www.dbbe.ugent.be/verse_variants/10629
https://www.dbbe.ugent.be/occurrences/20866
https://www.dbbe.ugent.be/types/2909
https://www.dbbe.ugent.be/verse_variants/10629
https://www.dbbe.ugent.be/occurrences/22623
https://www.dbbe.ugent.be/types/2909
https://www.dbbe.ugent.be/verse_variants/10583
https://www.dbbe.ugent.be/occurrences/20479
https://www.dbbe.ugent.be/types/4241
https://www.dbbe.ugent.be/verse_variants/10583
https://www.dbbe.ugent.be/occurrences/30844
https://www.dbbe.ugent.be/types/4241
https://www.dbbe.ugent.be/verse_variants/18516
https://www.dbbe.ugent.be/occurrences/23838
https://www.dbbe.ugent.be/types/6141
https://www.dbbe.ugent.be/verse_variants/18516
https://www.dbbe.ugent.be/occurrences/20336
https://www.dbbe.ugent.be/types/4186
https://www.dbbe.ugent.be/verse_variants/14796
https://www.dbbe.ugent.be/occurrences/20402
https://www.dbbe.ugent.be/types/4210
https://www.dbbe.ugent.be/verse_variants/14796
https://www.dbbe.ugent.be/occurrences/19858
https://www.dbbe.ugent.be/types/36300
https://www.dbbe.ugent.be/verse_variants/13821
https://www.dbbe.ugent.be/occurrences/17794
https://www.dbbe.ugent.be/types/2340
https://www.dbbe.ugent.be/verse_variants/13821
https://www.dbbe.ugent.be/occurrences/32932
https://www.dbbe.ugent.be/types/2340
https://www.dbbe.ugent.be/verse_variants/7561
https://www.dbbe.ugent.be/occurrences/22737
https://www.dbbe.ugent.be/types/5516
https://www.dbbe.ugent.be/verse_variants/7561
https://www.dbbe.ugent.be/occurrences/17613
https://www.dbbe.ugent.be/types/2189
https://www.dbbe.ugent.be/verse_variants/18364
https://www.dbbe.ugent.be/occurrences/20157
https://www.dbbe.ugent.be/types/3401
https://www.dbbe.ugent.be/verse_variants/18364
https://www.dbbe.ugent.be/occurrences/21943
https://www.dbbe.ugent.be/types/3401
https://www.dbbe.ugent.be/verse_variants/18364
https://www.dbbe.ugent.be/occurrences/22079
https://www.dbbe.ugent.be/types/3401
https://www.dbbe.ugent.be/verse_variants/18364
https://www.dbbe.ugent.be/occurrences/35393
https://www.dbbe.ugent.be/types/35391
https://www.dbbe.ugent.be/verse_variants/18364
https://www.dbbe.ugent.be/occurrences/19288
https://www.dbbe.ugent.be/types/3401
https://www.dbbe.ugent.be/verse_variants/16163
https://www.dbbe.ugent.be/occurrences/18745
https://www.dbbe.ugent.be/types/3023
https://www.dbbe.ugent.be/verse_variants/16163
https://www.dbbe.ugent.be/occurrences/25066
https://www.dbbe.ugent.be/types/3023
https://www.dbbe.ugent.be/verse_variants/16163
https://www.dbbe.ugent.be/occurrences/20597
https://www.dbbe.ugent.be/types/3023
https://www.dbbe.ugent.be/verse_variants/16163
https://www.dbbe.ugent.be/occurrences/21487
https://www.dbbe.ugent.be/types/34498
https://www.dbbe.ugent.be/verse_variants/8924
https://www.dbbe.ugent.be/occurrences/18877
https://www.dbbe.ugent.be/types/3092
https://www.dbbe.ugent.be/verse_variants/11260
https://www.dbbe.ugent.be/occurrences/16926
https://www.dbbe.ugent.be/types/3665
https://www.dbbe.ugent.be/verse_variants/5396
https://www.dbbe.ugent.be/occurrences/21025
https://www.dbbe.ugent.be/types/1955
https://www.dbbe.ugent.be/verse_variants/9904
https://www.dbbe.ugent.be/occurrences/24980
https://www.dbbe.ugent.be/types/5884
https://www.dbbe.ugent.be/verse_variants/5396
https://www.dbbe.ugent.be/occurrences/18806
https://www.dbbe.ugent.be/types/1955
https://www.dbbe.ugent.be/verse_variants/9904
https://www.dbbe.ugent.be/occurrences/17094
https://www.dbbe.ugent.be/types/1955
https://www.dbbe.ugent.be/verse_variants/9904
https://www.dbbe.ugent.be/occurrences/20470
https://www.dbbe.ugent.be/types/1955
https://www.dbbe.ugent.be/verse_variants/9904
https://www.dbbe.ugent.be/occurrences/24540
https://www.dbbe.ugent.be/types/1955

Appendix K. DBBE Poem-Level Semantic Clusters

Poem ID Type ID Excerpt (Shown verses / Total verses)

21499 3481 ivdapov vayopnv kadpunidov ovdei O1P(ng)-
kAewdikn evvnbeica pevento(...) (2/10)

20222 3481 tvdapov tYoydpnv kadunidov obdei ORP(Ng)-
kAewdikn evvnbeica pevento(...) (2/10)

20262 4049 ‘Evvéa TGV TPOTOV AUPLKOY TATPNV YEVENV TE
¢oTi kal £k Zdptng, Awpidog appoviong (2/3)

20129 4049 EVvéa TGOV TPAOTWV Avpt(@dv) marp(nv) yeve(rv) e
pévBave kal matépag kai Sidhextov Gbpel (2/12)

21092 2013 "0 (.)v A 70
YAUKDV TGOV éykukAiov (2/20)

24541 2013 ‘Opnpog dv Aéyovot nynyv tdv Adywv

S1ixomAdkov yAukdV T@V EYKUKALwY (2/22)

Table 20: Example poem pairs that were discovered exclusively based on semantic similarity.

Cluster Pred Verse Poem Verses Type ID Pred
Group ID

PERFECT (64%)

Perfect 12397 23756 TTUKTIG, Tivog 60 Yv@bL tpaamootoron- 5879 192
7779 KTATwp 8¢, DakOOg €v povoTpodmolg:
19498 Ypagebg, invag, aAntng Eévog:
12398 T ThvTa kowvd. Bodpatog Tavtog mépa

Perfect 12397 24987 TTukTig, Tivog 60 Yv@bL tpaamoctolov: 5879 192
13946 Ktitwp 8¢, vikodnpog €v povotpomolg:
13947 Tpapedg, 0 adTOG: EE0Y0G KOAALYpaPOLG:
12398 T& mévto kavé. Badpatog mavtog répo:

MERGED (15.4%)

Merged 6835 20383 Marboiog oiktpdg &petiig hong Eévog, 4201 659
6836 vk TODTOV MPYAVHOGE KAVOVOY

Merged 6835 23835 MatBaiog oikTpog apetiig maong Eévog 4201 659
6836 TVAKO TOOTOV OPYAVOOE KOVOVOV.

Merged 9696 22028 Marboiog oiktpodg €v povaotaig kai 00Tng 5229 659
6836 TVOKa TOOTOV OPYAVWoE KavOvev.

SPLIT (14.7%)

Split 7165 21481 "Eypofe Tavt(ar) xeip | prxaiA (pov)arx(od)- 1974 -1
7180 (ko) xeip | pév oinete 1w |
13613 ypayti (8¢) éwg téloug | Sworpévet -

Split 265 17015 1 pév xeip 1 ypayooa, ofmete TOQw: 1974 857
310 70 8¢ ypappa pévn | eig xpovoug TAnpecTATOVG M-

Split 265 17080 7 xelp pév 1} yp&yaco oOmete TOQw, 1974 857
14508 ypagel 8¢ | pévn: TPOg xpdvoug ToAAODG:

... 22 additional poems of Type 1974 in predicted cluster 857 ..

MIXED (6%)

Mixed 2614 18299 [Aldtn 1) BriProg TG povig Xopraitov 2679 (2) 471

Mixed 2614 12520 avtn 1) BriProg mépnke THg povijg xopTaiTov 2732 (2) 471
6315 APYOHEVNG TTPWTTG TE, TR TECONAPAKOOSTIG YE
6316 TOD XPLOOGTOUOL TTAVNYE, TOD PIAOGOPWTATOV.

Mixed 2614 18383 + bt 1) PrPAog mé@ikev Thg povig yoptaitov - 2732 (2) 471

Table 21: Each subsection shows one poem cluster. Type links provide high-level translations.
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https://www.dbbe.ugent.be/occurrences/21499
https://www.dbbe.ugent.be/types/3481
https://www.dbbe.ugent.be/occurrences/20222
https://www.dbbe.ugent.be/types/3481
https://www.dbbe.ugent.be/occurrences/20262
https://www.dbbe.ugent.be/types/4049
https://www.dbbe.ugent.be/occurrences/20129
https://www.dbbe.ugent.be/types/4049
https://www.dbbe.ugent.be/occurrences/21092
https://www.dbbe.ugent.be/types/2013
https://www.dbbe.ugent.be/occurrences/24541
https://www.dbbe.ugent.be/types/2013
https://www.dbbe.ugent.be/occurrences/23756
https://www.dbbe.ugent.be/types/5879
https://www.dbbe.ugent.be/occurrences/24987
https://www.dbbe.ugent.be/types/5879
https://www.dbbe.ugent.be/occurrences/20383
https://www.dbbe.ugent.be/types/4201
https://www.dbbe.ugent.be/occurrences/23835
https://www.dbbe.ugent.be/types/4201
https://www.dbbe.ugent.be/occurrences/22028
https://www.dbbe.ugent.be/types/5229
https://www.dbbe.ugent.be/occurrences/21481
https://www.dbbe.ugent.be/types/1974
https://www.dbbe.ugent.be/occurrences/17015
https://www.dbbe.ugent.be/types/1974
https://www.dbbe.ugent.be/occurrences/17080
https://www.dbbe.ugent.be/types/1974
https://www.dbbe.ugent.be/occurrences/18299
https://www.dbbe.ugent.be/types/2679
https://www.dbbe.ugent.be/occurrences/12520
https://www.dbbe.ugent.be/types/2732
https://www.dbbe.ugent.be/occurrences/18383
https://www.dbbe.ugent.be/types/2732

Appendix L. Line-Level Semantic Clusters Full Dataset

Cluster 2311 (15 verses)
BIE - Epigramme auf Fresken 24  av yfig petprjong xai Baddoong té fédn,
If you were to measure the depths of the land and the sea,

DBBE 21116 YAV HETPODVTX TTPOTAGAV, ATELPEGINGLY EPLAIC: |
Surrounding as a girdle all the earth with infinite flows ||

DBBE 22570 Tfjv peTpodvTa TPOTACAY ATELPESINOLY EPWOALG.
Surrounding as a girdle all the earth with infinite flows.

PHI TM 942442 TaOTO PETPOV Yaing mtpog
The same measure of the land towards

PHI TM 885588 1 pépog €€ adTig 1} YG HETPOV OV &ITd adTRG
Either a part of it or the measure of the land from it

PHI TM 47715 petpricar Apiotodikidnt kol mapadeiéat yig
To measure for Aristodikides and show the land

Papyri TM 4998 ye[v]opev[ov év T yiL pétpwt ot ][ -ca.?- ][ petprioet. Sikaion]
Having been in the land’s measure, he will measure. Justly

Papyri TM 3183 KaTapeTprjoet TG Yig me[ -ca.?- |
He will measure the land’s part...

Papyri TM 3686 T €V TAL EALTOD YL PEPT) TOD GTHOLVOREVOD
The parts in his own land of what is being indicated

Papyri TM 2666 Aov T0[v] yevop[evov év ThL Y]t péTpot xoi TédL EbmdAewg petpri-
..the one that occurred in the land, measured by the soil for Eupoles...

Papyri TM 22234 81 0(*)moloyeitan £k Tod pétpou T[fig y]fg To KaTdr TTe-
..thus it is calculated from the measure of the land according to...

Papyri TM 22467 Owpe(*) trv yiv kol petpriow eig to dn[po-]
..we see the land and I will measure it for the public...

Papyri TM 5313 petprioon £kdoTwL o0 1) yij éott [Sidx TédV]
To measure for each where the land is [through the..]

Papyri TM 1832 viov yfig pepetpiobon &tod
...of the young land to be measured from...

Papyri TM 1869 Y. éyewpétpnoa odv av-
The land. Therefore, I measured it...

Cluster 2452 (11 verses)
BIE Epigramme auf Fresken 159  Bd&tov kaopévn(v) k(ai) pr) pAeyopévnv
A bramble burning and yet not aflame

DBBE 34882 ©G Qv ye pr) TV GA@va TO TOP TPOCAVAADOEL:
So that the fire does not consume the threshing floor:

DBBE 19293 G &v ye pj THV GAwvo T TOP TPOCAVAADGEL:
So that the fire does not consume the threshing floor:

DBBE 26356 Qg & ye pr) TV GAova O TOP TPOCAVOADGEL:
So that the fire does not consume the threshing floor:

PHI TM 918925 aUT®V TO pr) dmokadoa, yevéoHot 1O
That it does not burn, it happens that...

PHI TM 775339 [pate tédr] Cepupiou(?) pry kéew mtop pnd[é n]pog 1— — — — —
[..at the west wind] not to light fire nor towards ...

PHI TM 814037 avaBetvor pnbév, pnde oxavodv pnde mt[dp avértev Evrog 1j £kTog)
Do not place anything, nor sprinkle, nor light fire inside or outside
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https://www.dbbe.ugent.be/occurrences/21116
https://www.dbbe.ugent.be/occurrences/22570
https://www.trismegistos.org/text/942442
https://www.trismegistos.org/text/885588
https://www.trismegistos.org/text/47715
https://www.trismegistos.org/text/4998
https://www.trismegistos.org/text/3183
https://www.trismegistos.org/text/3686
https://www.trismegistos.org/text/2666
https://www.trismegistos.org/text/22234
https://www.trismegistos.org/text/22467
https://www.trismegistos.org/text/5313
https://www.trismegistos.org/text/1832
https://www.trismegistos.org/text/1869
https://www.dbbe.ugent.be/occurrences/34882
https://www.dbbe.ugent.be/occurrences/19293
https://www.dbbe.ugent.be/occurrences/26356
https://www.trismegistos.org/text/918925
https://www.trismegistos.org/text/775339
https://www.trismegistos.org/text/814037

PHI TM 129604 ToDTOV TTop& TOTTOV it} OITPLO-
..this in the place, do not ignite...

PHI TM 495238 Qv tlot]odtwy [¢]v [taic] m[vpokavoe]qguy eidoteg prite O €mi

...of such things in the fire, knowing neither he who is over...

Papyri TM 10229 [p]evog mop mpooPadelv kal pry igy0-
..to attack with fire and not have power...

Papyri TM 11630 mhon PeParidoet i [ToOv &]mavta xpdvov k(ai) [p]n drepumokepévny
He will secure it for all time,
and not let it be superseded or alienated by anyone in authority...

Cluster 2602 (9 verses)

BIE Epigramme auf Fresken 193  p(t)np 8¢ Opnvel kal padnrig dakpdov
And the mother laments, and the student weeps

DBBE 22746 Opnvel texodoa kai pobntrg dakpiolg.
The mother laments and the student with tears.
PHI TM 782805 [W]atpi te mopmAnOdv Opnvadv yoov- £y 8¢ Aoyeiog
And to the mother, full of lamentation, a cry; and I of childbirth...
PHI TM 887398 [AX]KYPIEQY xai €0rkato ddkpoa pntpi
..and he placed tears to the mother...
PHI TM 763150 auTé ToL O[O]péven patnp émi daxpv xéao[a]
..to the deceased, the mother poured out tears...
PHI TM 773280 ol & ad porpi méOovg ov[v] Séxpuot AleiBov Evnfod],

And they again poured desires to the mother with tears, young men...

PHI TM 127802 UNTEPL KOl YEVETT) GTOVOYAG Kol S&Kkpv ATTOVTL. |
To the mother and father, moans and tears being shed.

Papyri TM 10447 Moppric "Hpwvog tod Iebéwg pnt(pdg) Tepopa(tog) iepe(dg)
Marres, son of Heron of Petheus, priest of Teforatos

Papyri TM 20886 €01 téxvov Si[kaie, Avp]niie Mévevr O¢wvog pn]tpog Khowv-
..in accordance with Roman law concerning children,

(declares this) to Aurelius Menon, son of Theon,
whose mother was Claudia
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https://www.trismegistos.org/text/129604
https://www.trismegistos.org/text/495238
https://www.trismegistos.org/text/10229
https://www.trismegistos.org/text/11630
https://www.dbbe.ugent.be/occurrences/22746
https://www.trismegistos.org/text/782805
https://www.trismegistos.org/text/887398
https://www.trismegistos.org/text/763150
https://www.trismegistos.org/text/773280
https://www.trismegistos.org/text/127802
https://www.trismegistos.org/text/10447
https://www.trismegistos.org/text/20886
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