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Abstract
CorpusClues is a prototype web-based platform for large-scale, unsupervised clustering of textual data, designed to
address the specific challenges of historical corpora. It leverages the well-established computational techniques of
MinHash and Locality-Sensitive Hashing (LSH) at the character level in order to detect structural similarities between
texts even when exact patterns diverge. This approach makes CorpusClues robust to orthographic variation, such
as historical spelling differences, while remaining fast and language-agnostic, capable of processing large and
heterogeneous corpora without relying on language-specific models or preprocessing. Researchers can explore
resulting clusters through interactive visualizations and exportable data, gaining access to patterns that would
otherwise require the slow and uncertain process of manual collation. Evaluation against labeled gold standards
shows that the system consistently produces high-quality clustering, accurately reconstructing relationships between
texts despite substantial orthographic variation. By combining computational efficiency with user-friendly design,
CorpusClues provides an accessible yet rigorous means of uncovering formulaicity and textual transmission at scale,
opening new possibilities for the study of historical textual traditions.
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1. Introduction

Tracing recurring patterns in texts is a central re-
search topic in historical linguistics. In oral tra-
ditions, formulaic expressions are widely recog-
nized as mnemonic and compositional tools (Parry,
1930). These sequences of words are repeatedly
employed to support the structure of oral perfor-
mance. Formulaicity is also evident in written tra-
ditions, persisting across genres and eras. Legal
charters, letters, and epigrams often employ con-
ventionalized sequences and recurrent phrases
that structure narratives, reinforce genre conven-
tions, and guide composition within specific textual
forms (Beihammer, 2020; Giannikou et al., 2024;
Nachtergaele, 2023). Beyond these structural roles,
formulaic expressions also play a role in linguistic
change. Like other aspects of language, formulaic
language evolves over time, with some expressions
emerging, shifting in frequency, or acquiring new
functions in response to social and cultural devel-
opments (Buerki, 2020).

However, detecting such patterns remains a non-
trivial task. Historical corpora are marked by or-
thographic variation, scribal conventions, dialectal
diversity, and textual fragmentation (Deforche et al.,
2024). Even short expressions can appear in multi-
ple variant forms, making their underlying similarity
difficult to trace (Swaelens et al., 2024). Manual
collation of such material is labor intensive, error-
prone, and infeasible for large or heterogeneous
collections. As corpora grow in size and diversity,

the lack of scalable similarity detection methods be-
comes an increasing challenge for systematically
identifying recurring patterns.

CorpusClues1 addresses this challenge by inte-
grating unsupervised similarity detection algorithms
into a user-friendly web application designed for
linguists, historians, and philologists. Users sim-
ply upload a CSV file with an ID column and a
text column, explore automatically detected sim-
ilarities through an interactive interface, and ex-
port selected clusters for further analysis. They
do not need to engage in labor-intensive manual
annotation or write custom scripts. By automating
similarity detection, CorpusClues enables scholars
to focus on substantive research questions, such
as studying manuscript traditions, tracing linguistic
change, or analysing the use of formulaic expres-
sions within literary contexts.

The system employs MinHash combined
with Locality-Sensitive Hashing (LSH), a well-
established approach for similarity detection
(Broder, 1997; Manku et al., 2007; Zamora et al.,
2016). Operating at the level of orthographic
similarity, this method is computationally efficient,
language-agnostic, and does not rely on large
annotated datasets. Although it does not capture
semantic relationships, MinHash-LSH offers an
accessible, low-effort first step for exploratory
similarity analysis in large corpora.

1https://lrec2026.myaddr.tools/

https://lrec2026.myaddr.tools/
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2. Related Work

2.1. Orthographic Similarity Search
Early efforts to quantify orthographic similarity pri-
marily relied on character-based distance metrics,
which assess the dissimilarity between two strings
by counting the minimal operations needed to trans-
form one into the other. Notable algorithms in
this category include Levenshtein (Levenshtein,
1966), Damerau-Levenshtein (Damerau, 1964),
Jaro (Jaro, 1995), and Jaro-Winkler (Winkler, 1990).
These methods support unsupervised similarity as-
sessment and have been widely applied in tasks
such as spelling correction, record linkage, and ap-
proximate string matching (Navarro, 2001). A key
limitation, however, is their computational cost, typ-
ically O(mn) for strings of lengths m and n, which
grows rapidly for longer sequences2. While index-
ing strategies and algorithmic optimizations can
mitigate some of this burden (Navarro, 2001), the
fundamental challenge of scalability persists when
comparing large volumes of strings.

Token-based similarity approaches address the
scalability problem by representing texts as sets of
discrete units, such as words or short sequences
(n-grams), and assessing similarity based on the
degree of overlap between these token sets. Jac-
card Similarity (Jaccard, 1901) is a common mea-
sure in this framework, calculated as the size of the
intersection of two token sets divided by the size
of their union. Although straightforward, comput-
ing Jaccard similarity exhaustively for all document
pairs in a large corpus requires a quadratic number
of comparisons, which quickly becomes impracti-
cal.

One solution we can employ to handle this scal-
ability issue is MinHash, a probabilistic method
for estimating set similarity. By applying multiple
hash functions to token sets, MinHash generates
compact signature vectors that preserve the like-
lihood of overlap, allowing us to estimate similar-
ity efficiently in a way that is inherently language-
agnostic (Broder, 1997). When combined with
Locality-Sensitive Hashing (LSH) (Gionis et al.,
1999), these signatures can be grouped into buck-
ets of likely similar items, further reducing the num-
ber of comparisons to only those candidate pairs
that share a bucket.

2.2. Computational Similarity
Approaches in Historical Linguistics

In historical and comparative linguistics, computa-
tional similarity methods are employed for a range
of tasks.

2O(mn), or Big O notation, describes how the com-
putational cost of an algorithm grows as the input size
increases.

In cognate detection, for example, researchers
identify word forms across languages that derive
from a common ancestral word. Tools like the Auto-
mated Similarity Judgment Program (ASJP) (Wich-
mann et al., 2025) and LexStat (List, 2012) illustrate
this approach. ASJP normalizes phonetic transcrip-
tions and uses Levenshtein distance to compare se-
quences at the character level, enabling systematic
comparisons of basic vocabulary across hundreds
of languages. LexStat builds on ASJP by statis-
tically evaluating the likelihood of specific sound
correspondences, thereby also relying on consis-
tent orthographic and phonetic representations.

Another case is the detection of variant spellings,
especially in historical corpora where orthographic
conventions depend on time and location. Methods
such as weighted edit distance and deep-learning
models have been applied to identify such vari-
ants (Deforche et al., 2024; Swaelens et al., 2024;
Barteld, 2017).

A further example is the study of formulaic ex-
pressions and recurring sequences in Byzantine
epigrams (Bentein and Giannikou, 2025; Giannikou
et al., 2024), where n-gram–based approaches
have been used to analyze how scribal habits are
reflected in formulaic language over time.

However, these approaches are often limited in
scalability or cross-linguistic applicability. Tech-
niques such as MinHash-LSH, developed in large-
scale text similarity research, address these is-
sues by approximating similarity efficiently and in
a language-independent manner. CorpusClues
builds on this idea, making it possible to investigate
phenomena such as the distribution of formulaic
expressions or spelling variance at scale.

3. System Architecture

The proposed architecture implements two com-
plementary clustering strategies: in-memory pro-
cessing and streaming disk-based processing, uni-
fied under a common interface that automatically
selects the appropriate method based on dataset
size. Both strategies yield identical clustering out-
puts, differing only in their computational mode.
For datasets exceeding 10 000 documents, the
framework employs streaming processing to man-
age memory constraints, while smaller datasets
use in-memory processing for faster execution.

3.1. Preprocessing
Input data are provided as a structured CSV file,
where each row represents an individual text unit to
be processed. Depending on the research design,
these units may correspond to verses, sentences,
or full documents. As shown in Figure 1, the system
offers users the possibility to apply basic normal-
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ization operations such as diacritics removal, lower-
casing, and punctuation removal. Providing these
options ensures that routine text clean-up steps
do not have to be implemented in custom scripts,
thereby facilitating a more streamlined workflow. In
addition, the system always applies Unicode nor-
malization in the NFC (Normalization Form Canoni-
cal Composition) standard. NFC ensures that base
characters and their diacritics are combined into a
single Unicode code point, so that visually identi-
cal characters are treated consistently even if they
were originally encoded differently. This prevents
artificial discrepancies in similarity calculations and
guarantees that text is processed according to a
stable, canonical representation. Beyond these
operations, the system refrains from imposing or
offering further transformations, leaving users free
to implement additional preprocessing procedures
externally.

Figure 1: Upload page with preprocessing.

3.2. MinHash Generation
Following preprocessing, the system constructs
character shingles, contiguous substrings of fixed
length that capture local textual patterns by break-
ing documents into short overlapping sequences.
The shingle size is user-configurable, allowing
adaptation to different textual granularities. Both
strategies use identical shingle generation logic but

differ in their optimization approaches for process-
ing these shingles. The memory-optimized strategy
uses adaptive parallelized computation based on
batch size to generate shingles rapidly across mul-
tiple documents simultaneously. The streaming
strategy processes documents sequentially, gener-
ating shingles one document at a time to prioritize
memory efficiency over computational speed.

Once shingles are generated, each document is
represented by a MinHash signature of 64 values,
which can be thought of as a compact fingerprint
derived from its shingles. Documents with simi-
lar content will have similar signatures, allowing
fast similarity comparisons without examining ev-
ery shingle. The memory-optimized strategy main-
tains all MinHash signatures in memory for rapid
cross-document similarity detection. The stream-
ing strategy stores MinHash signatures in a SQLite
database for datasets that exceed available mem-
ory, trading some performance for scalability

3.3. Pairwise Similarity Computation
Both strategies use LSH to organize documents
into buckets, enabling documents from different
batches to be grouped together based on signature
similarity and limiting Jaccard computation to can-
didate pairs within shared buckets. The memory-
optimized strategy keeps this information in mem-
ory, whereas the streaming strategy persists the
LSH index to disk, performing LSH queries against
this persistent index to identify candidate pairs.
Only document pairs exceeding the predefined sim-
ilarity threshold are considered connected.

3.4. Clustering
Clustering is performed using an optimized disjoint-
set approach (Cormen et al., 2022), which merges
all connected documents into clusters. These clus-
ters are transitive, meaning that documents can
be grouped together not only through direct similar-
ity but also via indirect connections through other
similar documents, as illustrated in Figure 2. Each
document is then assigned a certainty score rep-
resenting its cluster membership confidence. This
score is calculated as the average Jaccard similar-
ity between the document and all other members of
its assigned cluster, providing a quantitative mea-
sure of how well the document fits within its cluster.
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Figure 2: Cluster showing close, moderate, and
weak relations. IDs denote uploaded texts.

Figure 3: List view of the cluster shown in Figure 2.

4. Gold Standard Evaluation

4.1. Experiment Setup
To evaluate clustering accuracy, we conducted a
test using the Database of Byzantine Book Epi-
grams (DBBE) for a gold-standard case study (De-
moen et al., 2023). DBBE is a curated digitized
collection of over 12 000 metrical texts from ap-
proximately 500 to 1500 AD, typically located at the
beginning, end, or in the margins of manuscripts.
These epigrams served paratextual functions, in-
cluding structuring content, praising authors, ac-

knowledging patrons and scribes, and guiding read-
ers. The database is organized into Types, repre-
senting normalized epigrams, and Verse Variants,
grouping similar individual verses based on ortho-
graphic similarity (Ricceri et al., 2023). For this
evaluation, we used a 575-epigram gold-standard
subset from DBBE (Deforche et al., 2024), originally
selected for research on orthographic variation and
small enough to enable detailed inspection of clus-
tering results.

Evaluation was performed at the verse level to
determine whether the application was capable to
reconstruct the Verse Variant groups recorded in
DBBE. Verse-level evaluation was chosen as it pro-
vides a simple, small unit for assessing algorithm
performance. We experimented with different shin-
gle sizes and a range of Jaccard thresholds, testing
them against the available ground truth. Although
such labels are not available in real-life scenarios,
this setup allowed us to estimate the upper bound
the application could potentially achieve.

For each configuration, we assessed the perfor-
mance using the Adjusted Rand Index (ARI) (Hu-
bert and Arabie, 1985) and V-measure (Rosen-
berg and Hirschberg, 2007). ARI captures pairwise
agreement between predicted and true groupings,
reflecting how consistently individual verses are as-
signed to the same clusters as in the ground truth
groups. V-measure evaluates clustering structure
in terms of homogeneity and completeness. These
two measures are complementary: ARI is sensitive
to the correctness of individual pairwise assign-
ments, whereas V-measure captures the overall
structural alignment of clusters with true groups.

In addition, we calculated two metrics that pro-
vide a more intuitive interpretation of clustering qual-
ity. Firstly, mean group purity examines how well
each ground truth group stayed together. For each
true group, we identified which predicted cluster
received the most verses from that group, then cal-
culated what percentage ended up in that dominant
cluster, averaging across all groups. Values close
to 1.0 are ideal. Secondly, the overclustering ratio
counts how many predicted clusters the algorithm
created compared to the number of ground truth
groups. A ratio of 1.0 is ideal. Ratios below 1.0
indicate underclustering, while ratios above 2.0 in-
dicate excessive fragmentation.

To assess the effect of preprocessing on clus-
tering in the case of the DBBE dataset, we con-
ducted experiments both on the original texts and
on versions in which diacritics and punctuation were
removed and text was lowercased. This demon-
strates how researchers can modify preprocess-
ing to influence clustering results, highlighting the
flexibility afforded by the system’s preprocessing
design.

All experiments can be reproduced using the
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scripts and guidelines available on https://
github.com/PaulienLem/lrec-demo.

4.2. Quantitative Results Original Text

Figure 4: Group purity and overclustering with no
preprocessing.

Figure 5: ARI & V-Measure with no preprocessing.

The output of the application on the original text,
evaluated against the Verse Variant labels from
DBBE, is summarized in Figures 4 and 5, which,
respectively, show the clustering structure and the
corresponding evaluation metrics.

At the smallest shingle size and the lowest sim-
ilarity threshold, we noticed underclustering, with
the algorithm creating few but large clusters and
merging distinct groups together. This is to be ex-
pected, since the combination of short character
sequences and permissive matching criteria means
that texts need to share only a small fraction of
their substrings to be considered similar. However,
group purity is high, indicating that individual Verse
Variant groups were kept intact within these large
clusters. The corresponding ARI and V-measure
scores are poor for the lowest configuration.

When we increased the shingle size while keep-
ing the similarity threshold at 0.2, all four metrics
converged toward their ideal values, indicating bal-
anced clustering, where both the number of clus-
ters and their composition align well with the ground
truth. In practical terms, this configuration means
that roughly 20% of all 3–4 character substrings
must overlap for two verses to be considered simi-
lar. This optimal range suggests that, in this case,
orthography-based comparison works best at a rel-
atively fine-grained granularity.

For settings with a Jaccard threshold of up to 0.5
and a shingle size of up to 4, the ARI, V-measure,
and purity remained reasonably high, indicating
that most verses from each true group still clustered
together, although some overclustering began to
appear. Beyond these settings, all metrics declined
noticeably, reflecting substantial fragmentation and
reduced cluster quality.

The moderate divergence between metrics in
mid-range settings underscores the importance of
interpreting results in combination rather than re-
lying on a single measure. It also highlights that
evaluation must be guided by the research ques-
tion, as different applications may place greater
weight on structural stability or practical usability.

4.3. Quantitative Results Preprocessed
Text

For the second experiment, we applied the appli-
cation’s option to remove accents and punctuation
and to apply lowercasing. The effect was first exam-
ined in group purity and overclustering ratios (Fig-
ure 6). This showed that preprocessing slightly miti-
gated excessive fragmentation at higher thresholds,
while balance was improved at the optimal settings.
This enhancement likely arises because diacritic
removal reduces minor spelling variations, allowing
the algorithm to treat nearly identical verses as the
same.

Other than that, we also compared ARI and
V-measure between the original and the prepro-
cessed text (Figure 7). Preprocessing led to a mod-
est increase in both scores. The results became
more robust overall, with a wider range of parame-
ter settings yielding good performance. However,
extreme values still produced suboptimal clustering,
highlighting that careful tuning remains necessary.

While preprocessing slightly stabilized cluster-
ing in this scenario, its utility is context-dependent:
in other corpora or analytical contexts, accents,
diacritics and punctuation may encode meaning-
ful distinctions. Consequently, the system retains
preprocessing options as configurable, enabling
researchers to adapt them according to the specific
analytical objectives of their study.

https://github.com/PaulienLem/lrec-demo
https://github.com/PaulienLem/lrec-demo
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Figure 6: Group purity and overclustering with pre-
processing.

Figure 7: ARI & V-Measure with preprocessing.

4.4. Qualitative Results
To explore the effects of preprocessing on a qual-
itative level, we ran clustering with a shingle size
of 4 and a Jaccard threshold of 0.2, a setting that
performed well on both unprocessed and prepro-
cessed texts. By keeping the parameters identical,
any differences in the resulting clusters can be at-
tributed solely to the preprocessing choices.

Examining the clustering results for the unpro-
cessed texts in greater detail, we find that out of
the thirty one ground truth groups, six were split
across multiple predicted clusters, while one pre-
dicted cluster merged material from two distinct
ground truth groups. To illustrate typical behav-
ior, we focus on true group 14802, which contains
variants of the verse καὶ οἱ στρατευόμενοι ἰδεῖν
τὸ νίκος (“...and the soldiers to see the victory”),
as displayed in Table 1. Most verses of this true
group remain clustered together, with only two as-
signed to separate singleton clusters. Variants in
word choice or orthography, such as τὸ κέρδος
versus τὸ νῖκος or ἰδεῖν, ειδήν, and ηδὶν, do not

disrupt clustering for the majority of verses. By con-
trast, combinations of both spelling differences and
editorial markings trigger separate classification.

16 καὶ οἱ στρατευόμενοι [ἰδεῖν τὸ νῖκος]
kai hoi strateuomenoi [idein to nikos]

16 καὶ οἱ στρατευόμενοι ἰδεῖν τὸ κέρδος
kai hoi strateuomenoi idein to kerdos

16 και η στρατεβόμενοι ηδὶν τον ηκος
kai e stratebomenoi edin ton ekos

16 καὶ οἱ στρατευόμενοι ἰδεῖν τό κέρδος,
kai hoi strateuomenoi idein to kerdos,

16 καί οἱ στρατευόμενοι ειδήν το νήκος |
kai hoi strateuomenoi eiden to nikos |

16 κ(αὶ) οἱ στρατεβομ(εν)οι ἰδεῖν τω νικος·
k(ai) hoi stratebom(en)oi idein to nikos;

16 κὰι οἱ στρατεβόμ(εν)οι ἰδεῖν τὸν οἶκον·
kai hoi stratebóm(en)oi idein ton oikon;

16 κ(αὶ) οἱ στρατεύομενοι ἠδειν (…) κος
k(ai) hoi strateuomenoi edein (...) kos

16 καὶ οἱ στρατεβό|μενοι | εἰδεῖν τὸ νίκος
kai hoi stratebó|menoi | eidein to nikos

16 καὶ οἱ στρατευόμενοι ἰδεῖν τὸ νίκος.
kai hoi strateuomenoi idein to nikos.

16 καὶ οἱ στρατευόμενοι ἰδεῖν τὸ νίκος,
kai hoi strateuomenoi idein to nikos,

16 καὶ οἱ στρατευόμεν(οι) | ἰδεῖν τὸ νῖκος
kai hoi strateuomen(oi) | idein to nikos

16 και η στρατεβόμενοι ηδὶν τον ηκος
kai e stratebomenoi edin ton ekos

16 καί η στρατεβομενοι ηδοῦν τοῦς ηκοῦς‧
kai e stratebomenoi edoun tous ekous;

28 και οἱ στρ<α>ττεβόμ(εν)οι ἱδιν τὸ ν<ῖκος>,
kai hoi str<a>ttebóm(en)oi hidin to n<ikos>,

29 (καὶ) ἡ | στρατευόμ(εν)οι ἠδὶν τὸ νύκος
(kai) e | strateuóm(en)oi edin to nukos

Table 1: True group 14802, spread across predicted
clusters 16, 28 and 29

Turning to the preprocessed text, we observe
that the only deviation from the ground truth arises
from a large cluster that merges material from two
distinct true groups, as shown in Table 2. The two
merged groups can be represented by the following
verses:

• Δόξα τῷ Θεῷ τῷ διδόντι ἀρχὴν καὶ
τέλος. (”Glory to God who gives beginning
and end.”)

• Δόξα τῷ Θεῷ πάντων ἕνεκεν. (”Glory to
God for the sake of all things.”)

Although these verses differ substantially in their
remaining vocabulary and structure, both begin with
the identical phrase δόξα τῷ Θεῷ. Considering
their word sets provides an intuitive way to under-
stand the mechanism used by the application. The
word-level intersection and union for these verses
are:

Intersection = {Δόξα, τῷ,Θεῷ}

Union =

{
Δόξα, τῷ,Θεῷ, τῷ,διδόντι,
ἀρχὴν,καὶ, τέλος,πάντων, ἕνεκεν

}

J =
|Intersection|

|Union| =
3

10
= 0.3

The recurring phrase Δόξα τῷ Θεῷ thus consti-
tutes the entire intersection between the two verses.
Despite their otherwise distinct vocabulary, this

https://www.dbbe.ugent.be/verse_variants/14802
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shared sequence alone yields a Jaccard score of
0.3, sufficient to push the similarity beyond the clus-
tering threshold and merge the two ground truth
groups.

δόξα τῶ θ(ε)ῶ παντων | ἕνεκεν·
doxa tō th(e)ō pantōn | heneken·
δόξα σοι κ(ύρι)ε πάντων ἕνεκεν +
doxa soi k(yri)e pantōn heneken +
+ δοξα τώ θ(ε)ω ἡμ(ῶν) παντ(ων) ἕνεκεν
+ doxa tō th(e)ō hēm(ōn) pant(ōn) heneken
χ(ριστ)ῶ τῶ δόντι ἀρχὴν καὶ τέλος, δόξα
ch(rist)ō tō donti archēn kai telos, doxa
+ δόξα τῶ θ(ε)ῶ τῶ δόντι τὸ τέλος·
+ doxa tō th(e)ō tō donti to telos·
δόξα τὸ δόντι ἀρχὴν (καὶ) τέλο(ς):–
doxa to donti archēn (kai) telo(s)
+ τῶ τὸ τέλος δεδωκότι θεῷ δόξα
+ to to telos dedōkoti theo doxa
Δόξα τῶ θ(ε)ῶ τῶ δόντι ἀρχὴν καὶ τέλος.
Doxa to th(e)o to donti archēn kai telos.
Δόξα τῶ θ(ε)ῶ τῶ δόντι τὸ τέλος:·
Doxa to th(e)o to donti to telos:·
Δόξα τῷ δόντι τὴν ἀρχὴν καὶ τὸ τέλος
Doxa tō donti tēn archēn kai to telos
δόξα τῶ δόντι ἀρχὴν κ(αὶ) τέλος·
doxa to donti archēn k(ai) telos·
χάριν, δόξα τῶ θεῶ τῶ δόντι τέλος
charin, doxa to theo to donti telos
Δόξα τῶ θ(ε)ῶ τῶ δόντι ἀρχ(ὴν) καὶ τέλος:
Doxa to th(e)o to donti arch(ēn) kai telos:
+ δόξα τῶ θ(ε)ῶ τῶ δόντι μοι τὸ τέλος.
+ doxa to th(e)o to donti moi to telos.
δόξα τῶ θ(ε)ῶ τῶ δόντι ἀρχὴν κ(αὶ) τέλος
doxa to th(e)o to donti archēn k(ai) telos
Τῶ τὸ τέλος δεδωκότι θεῶ δόξα.
To to telos dedōkoti theo doxa.
δόξα τῶ λόγω τῶ δόντι τέλος· ἀμήν
doxa to logō to donti telos· amēn
Δόξα τῶ θ(ε)ῶ τῶ δϊδόντι τὸ τέλος:·
Doxa to th(e)o to didonti to telos:·
τῶ θ(ε)ῶ δόξα. τῶ δόντι ἀρχὴν (καὶ) τέλος
to th(e)o doxa. to donti archēn (kai) telos
Δόξα Θ(ε)ῶ τῶ δόντι τῇ βίβλω, τέλος +.
Doxa Th(e)o to donti tē biblō, telos +.
+ δόξα τῶ θεῶ τῶ δόντι τέλος:-
+ doxa to theo to donti telos:-
+ δόξα τῶ θεῶ τῶ δόντι τέλος:-
+ doxa to theo to donti telos:-
δόξα τῷ θ(ε)ῷ τῷ δόντι ἀρχὴν καὶ τέλος ἀμὴν:·
doxa tō th(e)ō tō donti archēn kai telos amēn:·
Δόξα τῷ Θεῷ τῷ δόντι ἀρχὴν καὶ τέλος.
Doxa tō Theo tō donti archēn kai telos.
Δόξα τῶ θ(ε)ῶ τῶ δόντι τέλος γράφος
Doxa to th(e)o to donti telos graphos
Δόξα τῷ Θεῷ τῷ δόντι τὸ τέλος
Doxa tō Theo tō donti to telos
+ θ(ε)ῶ τω δεδωκώτι τέλος, δόξα:-
+ th(e)o to dedōkōti telos, doxa:-
+ δόξα τῷ θ(ε)ῷ τῷ δόντι τέλος, ἀμήν:+
+ doxa tō th(e)ō tō donti telos, amēn:+
+ δόξα Χ(ριστ)ῶ τῶ Θ(ε)ῶ τῶ δόντι ἀρχὴν καὶ τέλος
+ doxa Ch(rist)ō to Th(e)o to donti archēn kai telos
δόξα τῶ θεῶ τῶ διδόντι τὸ τέλος
doxa to theo to didonti to telos
δόξα Χ(ριστ)ῷ τῷ Θ(ε)ῶ τῶ δόντι ἀρχὴν καὶ τέλος
doxa Ch(rist)ō tō Th(e)o to donti archēn kai telos
δόξα τω θ[ε]ῶ δόντι καὶ ἀρχὴν (καὶ) τέλος˙
doxa to th[e]o donti kai archēn (kai) telos˙
δόξα τῶ δόντι ἀρχ(ὴν) κ(αὶ) τέλο(ς)·
doxa to donti arch(ēn) k(ai) telo(s)·
+ δόξα τῶ δόντ(ι) ἀρχὴν (καὶ) τέλο(ς)·
+ doxa to dont(i) archēn (kai) telo(s)·
δόξα τῶ δόντι ἀρχὴν κ(αὶ) ὁ τέλο(ς)·
doxa to donti archēn k(ai) ho telo(s)·

Table 2: Predicted cluster 11, containing ground
truth clusters 21690 and 19675.

5. Performance Evaluation

To evaluate the scalability of the proposed cluster-
ing architectures, we designed a benchmark frame-
work to systematically compare the in-memory and
streaming implementations. The experiments uti-
lized sentence-level data from the Duke Databank

of Documentary Papyri3, as segmented and made
available through the Duke NLP project (Keers-
maekers and Depauw, 2022)4. We selected only
sentences containing no textual gaps to ensure
that similarity measurements reflect genuine ortho-
graphic relationships and to prevent gap markers
from generating artificial character shingles that
would inflate false-positive LSH matches and dis-
tort benchmark results. This filtering produced a
corpus of 113 596 sentences suitable for controlled
performance evaluation.

Starting from 1 000 sentences, we successively
doubled the dataset size at each step, continuing
until the full dataset was reached. This incremen-
tal approach allowed us to observe how process-
ing time and memory requirements scaled as the
number of input sentences increased, highlighting
performance characteristics at different collection
sizes.

Experiments were performed on a system
equipped with 14 CPU cores and 30.8GB of to-
tal memory, with the benchmark restricted to 60%
of memory to leave adequate resources for other
processes. Dedicated monitoring threads tracked
memory usage, runtime, throughput, and efficiency,
enabling systematic assessment of performance
as dataset size grew. Parallel processing and ag-
gressive memory management were applied con-
sistently to ensure that memory from previous tests
was fully released before each new run.

Metric OptimizedStreaming
Peak Memory (MB) 2699.2 637.7
MB/doc 0.023761 0.005613
Processing Time (s) 1174.38 202.80
Time Complexity O(n1.65) O(n1.08)

Memory Complexity O(n1.25) O(n0.96)

Table 3: Scalability comparison of the in-memory
and streaming methods on 113 596 sentences from
the Duke NLP corpus.

The evaluation highlights distinct performance
patterns between the two clustering approaches.
The memory-optimized method performs strongly
on smaller datasets, where parallel processing en-
ables high throughput when the number of docu-
ments is low. Yet, as corpus size increases, its
memory requirements grow superlinearly, restrict-
ing its use to smaller collections (Figure 8).

By contrast, the streaming approach exhibits a
notable warm-up phase: for datasets below roughly
5 000 documents, per-document memory costs are
relatively high due to fixed infrastructural overhead

3https://github.com/papyri/idp.data
4https://github.com/alekkeersmaekers/

duke-nlp/

https://www.dbbe.ugent.be/verse_variants/21690
https://www.dbbe.ugent.be/verse_variants/19675
https://github.com/papyri/idp.data
https://github.com/alekkeersmaekers/duke-nlp/
https://github.com/alekkeersmaekers/duke-nlp/
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such as database initialization, index construction,
and connection management. Beyond this point,
per-document costs stabilize at consistently low
levels and processing time remains low (Figure
9). The measured memory complexity exponent
stays slightly below 1.0 (Table 3), suggesting that
memory usage grows somewhat more slowly than
dataset size once initialization costs are distributed
over sufficient documents.

Taken together, these results indicate that
method selection should be guided by corpus scale.
For small collections, the memory-optimized ap-
proach is preferable, as its benefits from paralleliza-
tion outweigh memory overhead and the streaming
method’s initial costs remain high. For larger-scale
research the streaming approach becomes essen-
tial, offering superior memory efficiency and sus-
tainable scalability that should, in principle, support
collections of millions of documents on commodity
hardware. It should be noted, however, that these
projections extend beyond the empirically validated
range. Further evaluation at larger scales will be
required to confirm whether the observed sublinear
scaling persists and to identify any potential bottle-
necks that might arise at higher document volumes.
For the live demo setup of CorpusClues, we limited
input to a maximum of 60 000 rows and a 200MB
upload due to server capacity constraints.

Figure 8: Evolution of memory use per document
on dataset size increase.

Figure 9: Evolution of processing time on dataset
size increase.

6. Conclusion & Future Work

CorpusClues provides a scalable and flexible plat-
form for unsupervised detection of textual simi-
larity. Using character-level MinHash and LSH,

it uncovers orthographic patterns while preserv-
ing user control over text preprocessing. Evalu-
ation on Byzantine book epigrams demonstrates
accurate reconstruction of similarity clusters de-
spite substantial variation, whereas performance
benchmarks indicate that, using a streaming-based
approach, scaling to much larger datasets is achiev-
able. By combining computational efficiency with
linguistic insight, CorpusClues enables interactive
exploration of formulaicity and textual transmission
across large, heterogeneous corpora.

Future work could explore the empirical valida-
tion of performance across both longer textual units
and diverse languages. Although the character-
level approach is theoretically language- and script-
agnostic, systematic evaluation on datasets in lan-
guages such as Arabic or Chinese would provide
quantitative evidence of its generalizability and re-
veal any language-specific preprocessing require-
ments.

Next to validation, computational efficiency re-
mains a key focus. Integration with distributed com-
puting frameworks would enable parallel process-
ing across multiple nodes, supporting fast analysis
of millions of texts.

In addition to that, future work could focus on ex-
tending the capabilities of CorpusClues to support
a wider range of analyses. One way to achieve this
is by providing deeper insights into textual clusters.
For instance, trend analysis and interactive explo-
ration could uncover patterns and relationships that
are not immediately apparent from basic cluster
groupings. Another important direction is to expand
the set of clustering algorithms. This could involve
adding additional orthographic similarity methods
or, even more ambitiously, incorporating semantic
similarity algorithms to capture meaning-based rela-
tionships and enable the study of semantic change
across historical corpora.

Finally, future work could also involve evaluating
the system’s effectiveness for scholarly workflows.
Conducting structured user studies with historical
linguists and philologists would allow assessment
of the interface’s intuitiveness, accessibility, and
alignment with existing research practices. Based
on such qualitative feedback, subsequent iterations
of CorpusClues could focus on improving user-
friendliness, complementing the scalable architec-
ture and analytical capabilities to create a robust,
user-validated platform for large-scale textual simi-
larity analysis across diverse historical corpora.

7. Code and Data Availability

The complete source code for CorpusClues,
including the web application, clustering algo-
rithms, and all benchmark scripts, is publicly avail-
able at https://github.com/PaulienLem/

https://github.com/PaulienLem/lrec-demo
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lrec-demo. The quality benchmark dataset (sub-
set from the Database of Byzantine Book Epigrams)
is included in the repository and enables full repro-
duction of the results discussed in Section 4. The
performance benchmark dataset is not directly in-
cluded due to size restrictions, but can be built by
running the included script.
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