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Abstract
Latin epigraphic texts are a challenging type of historical data for natural language processing (NLP). They are
often fragmentary, contain inconsistent spelling, and follow complex Roman naming conventions. This paper
investigates Named Entity Recognition (NER) for this domain by comparing several approaches, including
feature-based Support Vector Machines, neural models such as BiLSTM and TreeLSTM, pre-trained language
models like LatinBERT, fine-tuned Transformer models based on BERT, and large language models used with
prompting and supervised fine-tuning. We introduce a manually annotated dataset of 1,000 inscriptions from the
Epigraphik-Datenbank Clauss-Slaby, labelled with a fine-grained BIO scheme that captures the internal structure
of Roman personal names. Results show that the fine-tuned BERT model achieves the highest performance,
with a weighted F1 score of 91.1% and a macro F1 of 68.7%, and clearly outperforms other methods. Additional
linguistic features, such as part-of-speech tags and dependency information, yield only limited improvements,
likely due to the irregular nature of inscriptional texts. This work provides a new benchmark for NER on Latin
inscriptions and offers practical insights into applying modern NLP techniques to historical, non-standardised language.

Keywords: Latin NLP, Named Entity Recognition, Epigraphy, Low-resource Languages, Machine Learning,

LLMs

1. Introduction

Named entity recognition (NER) is a key natural
language processing (NLP) task that identifies ref-
erences to persons, locations, and other entities
(Munnangi, 2024). Due to the high density of
named entities in historical inscriptions, these texts
constitute an important linguistic resource for the
study of people, society, and geography in the an-
cient world (Bodel, 2012).

In recent years, there has been growing inter-
est within the Digital Humanities and NLP commu-
nities in applying advanced language models to
historical and low-resource languages (Manjava-
cas and Fonteyn, 2022). While NER has achieved
strong performance on modern high-resource lan-
guages using neural and Transformer-based mod-
els, increasing attention is now being directed to-
ward extending these approaches to historical lan-
guages (Brandsen et al., 2021; Schweter and Marz,
2020; Konle and Jannidis, 2020). As epigraphic
collections become increasingly digitised, there is
growing interest in applying NLP to these materials.
However, unlike well-edited literary texts, inscrip-
tions are often fragmentary, contain inconsistent
spelling, and follow conventionalised formulaic pat-
terns, which makes automatic processing difficult
(Hefmankova et al., 2021).

Latin inscriptions are particularly challenging be-
cause Roman personal names consist of multiple
components, such as praenomen (EN first name),
nomen gentilicium (EN family/clan name), and cog-

nomen (EN nickname)," which constitute the so-
called tria nomina and may appear in abbreviated
or incomplete forms (Salway, 1994). E.g., in the
name M. Tullius Cicero, we find the abbreviation
for the praenomen Marcus, followed by the nomen
gentilicium Tullius and the cognomen Cicero. In-
scriptions also include place names and institu-
tional titles embedded in fixed expressions. These
domain-specific features require a more detailed
annotation scheme than standard person and loca-
tion labels.

In this paper, we address three research ques-
tions: (RQ1) How do traditional feature-based mod-
els, neural sequence labellers, Transformer en-
coders, and LLMs compare when applied to NER
on Latin inscriptions? (RQ2) To what extent do addi-
tional linguistic features, such as POS tags and de-
pendency parses, improve performance on highly ir-
regular inscriptional texts? (RQ3) How competitive
are large language models, used via prompting or
supervised fine-tuning, compared to task-specific
fine-tuned Transformers in this low-resource, his-
torical setting?

The contributions of this paper are the following:

* We develop and evaluate a NER system
for Latin inscriptions using a manually anno-
tated dataset of 1,000 inscriptions from the

'The translations of the different parts of the name
are approximate in the sense that these names were
not necessarily used how we would use them nowadays.
Moreover, the usage of the different names has changed
over the centuries (see, e.g., Ayer (2014)).
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Epigraphik-Datenbank Clauss-Slaby (EDCS,
Clauss et al. (1985)) as a gold standard.?

» We apply existing Latin NER models, espe-
cially LatinCy® (Burns, 2023), and test large
language models (LLMSs) in a zero-shot setting
to establish baselines to compete against.

» We trained the following models: (1) A linear
SVM baseline using handcrafted features, in-
cluding prefixes, suffixes, POS tags, and de-
pendency relations, and (2) neural models,
including a TreeLSTM for hierarchical struc-
ture and a BiLSTM CNN model for morpho-
logical and contextual features. We fine-tuned
(3) Transformer models, i.e, multilingual BERT
and a Latin-specific RoBERTa, both of which
use token classification for BIO tagging. We (4)
applied LLMs using few-shot prompting and
supervised fine-tuning, combined with CRF
and rule-based post-processing.

» We test all models on a fixed stratified dataset
using token-level precision, recall, and mi-
cro/macro F1, enabling a systematic compar-
ison across traditional, neural, Transformer,
and LLM approaches.*

2. Related Work

The development of NER for Latin has been rela-
tively slow, particularly outside literary texts (Erd-
mann et al., 2016). Early research was mostly part
of broader projects like the Classical Language
Toolkit (CLTK) (Johnson et al., 2021) and LatinCy
(Burns, 2023). While these initiatives focused on
establishing core linguistic processing capabilities,
most notably part-of-speech (POS) tagging, they
created the essential computational infrastructure
that later enabled more advanced tasks such as
NER. As noted by Erdmann et al. (2016), who
achieve a 90% F-score on literary data, perfor-
mance differences are expected when applying
NER tools to texts from different Latin genres and
linguistic styles.

Building upon this infrastructure, early dedicated
NER efforts for Latin typically used Conditional Ran-
dom Field (CRF) models with handcrafted linguistic
features such as word shapes and POS tags, as
exemplified by the recognition of named entities
in Medieval Latin charters (Chastang et al., 2021).
While these methods achieved high performance

2See https://edcs.hist.uzh.ch.

SAvailable within spaCy, see https://spacy.

io and for LatinCy especially https://spacy.io/
universe/project/latincy.

“The code and data of this work are avail-
able at https://github.com/Wenhui620/
latin—-inscriptions—ner.

on literary texts, with F1 scores up to 0.95 for ex-
act matches, they have not been applied to inscrip-
tional material. Given the fragmented and formulaic
nature of inscriptions, the frequent use of abbre-
viations, and variations in spelling, feature-based
models are expected to face substantial challenges
when applied to epigraphic data.

Later, the field shifted towards machine learning
models tailored for sequence labelling tasks. Neu-
ral architectures such as the BiLSTM-CRF model
enable models to learn complex patterns, including
contextual cues and morphological variation, di-
rectly from data, reducing reliance on handcrafted
linguistic features (Lample et al., 2016). This class
of models has become a standard approach in
NER, achieving strong performance across mul-
tiple languages and related domains. Research
has shown that explicitly incorporating linguistic
structures, such as syntactic constituents, into neu-
ral models can improve NER by enabling the model
to leverage hierarchical phrase structure informa-
tion and semantic features from syntactic trees (Li
et al., 2017). Building on these ideas, researchers
have also adapted sequence labelling approaches
to Latin, as in the Herodotos Project, which de-
veloped NER systems for Classical Latin and an-
cient Greek texts that accurately identify groups,
persons, and places, illustrating the feasibility of
machine learning—based entity recognition in his-
torical languages (Erdmann et al., 2023). Their
model achieved micro-F1 scores of 0.99 on in-
domain data and only slightly lower scores on out-
of-domain data (i.e., data the model was not trained
on).

Following the introduction of Transformer archi-
tectures (Devlin et al., 2019), Latin-specific models
such as LatinBERT (Bamman and Burns, 2020)
demonstrated that contextualised representations
can effectively capture linguistic patterns in Latin.
Subsequent work explored other Transformer vari-
ants, including ELECTRA-based models for lem-
matisation and POS tagging on Classical Latin cor-
pora (Mercelis and Keersmaekers, 2022). Building
on these foundations, researchers have adapted
Transformer approaches to historical language sce-
narios, including NER (Beersmans et al., 2023).
Also, multilingual models such as mBERT and XLM-
RoBERTa have been fine-tuned for NER on me-
dieval charter corpora in Latin, French, and Span-
ish, achieving strong cross-lingual performance
without significant degradation compared to mono-
lingual baselines (Torres Aguilar, 2022). Another
approach uses cross-lingual annotation projection
to transfer NER labels from modern languages to
low-resource classical languages, such as Latin
and ancient Greek, leveraging parallel corpora
and neural word alignment to expand training data
(Yousef et al., 2023).
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In recent years, LLMs have made substantial
progress in NLP due to their scale and contextual
learning ability, and have increasingly been applied
to NER (Brown et al., 2020). Because NER is a
sequence labelling task while LLMs are genera-
tive models, two main adaptation strategies have
been proposed: few-shot prompting and fine-tuning
(Ji et al., 2025). Few-shot prompting incorporates
task descriptions and a small number of annotated
examples into the input, allowing models to infer la-
belling patterns through in-context learning without
parameter updates (Federiakin et al., 2024). Ap-
proaches such as GPT-NER reformulate sequence
labelling as text generation and show strong perfor-
mance in low-resource settings (Wang et al., 2023).
In contrast, fine-tuning updates model parameters
on task-specific data to improve domain accuracy
and consistency, with parameter-efficient methods
reducing computational cost (Zhang et al., 2025).

For Latin and other historical languages, NER
remains challenging due to limited annotated data
and evolving naming conventions (Ehrmann et al.,
2021). Recent work shows that LLMs can outper-
form traditional NLP frameworks such as spaCy
and flair on historical NER, achieving gains of 7
to 22 % F1 through context-aware prompting, al-
though increasing the number of examples be-
yond a certain point brings little improvement (Hilt-
mann et al., 2025). However, zero-shot experi-
ments on historical sources reveal persistent dif-
ficulties, including inconsistent annotation, entity
complexity, multilingual code-switching, and sen-
sitivity to prompt design (Gonzalez-Gallardo et al.,
2023). Because naming rules change over time
and annotated data remain scarce, historical NER
remains difficult (Ehrmann et al., 2021). Conse-
quently, both few-shot prompting and fine-tuning
should be viewed as complementary to traditional
supervised methods.

This overview of related work shows several
desiderata for NER in Latin. First, none of the
approaches mentioned addressed NER in Latin in-
scriptions. Secondly, there is only a distinction be-
tween names and other categories, where names
per se are not annotated with more fine-grained
categories. Thirdly, the problem of Latin being a
low-resource language is aggravated in inscriptions,
which constitute a specific, highly formulaic sub-
genre. Fourthly, there is no comprehensive com-
parison of machine learning methods applied to
inscriptions, especially one that includes traditional
methods, which, due to the hype generated by
LLMs, are often overlooked. Our paper addresses
all of these issues.

3. Method

Figure 2 shows the experimental framework used in
this study. The workflow illustrates the systematic
comparison of five distinct modelling paradigms
applied to Latin inscription NER.

3.1.

The dataset used in this research consists of
1,000 Latin inscriptions manually collected from the
EDCS. The selection process focused on gathering
arepresentative sample of Roman names spanning
from the early Republican to Imperial periods and
distributed across multiple provinces throughout
the Roman world. Hence, we compiled the dataset
as a stratified sample, accounting for metadata
such as date, classification, province, and mate-
rial. This reduced the number of inscriptions from
which we sampled from over 500,000 to approxi-
mately 200,000.° Each inscription was cleaned to
remove modern symbols® used to mark missing,
erased or supplemented text while keeping the orig-
inal structure of the text. We applied a fine-grained
BIO tagging schema to these texts to identify 10
specific entity types.

The annotation is inspired by existing guide-
lines for named entity annotation in Classics (e.g.,
Romanello and Najem-Meyer (2022)), particularly
in its treatment of entity categories and bound-
ary definitions, while introducing additional fine-
grained labels tailored to the structure of Latin
personal names in inscriptions. It includes sev-
eral tags for fine-grained personal name elements:
PERS:PRAE (e.g., Publius) for the first name,
PERS:NOMEN (e.g., lulius) for the clan name,
PERS:COG (e.g., Cicero) for the family name, and
PERS:AG (e.g., Africanus) for an additional nick-
name. It also identifies PERS:FILI to mark family
relations like a father’s name (e.g., Marci filii, EN
son of Marcus) and PERS:TRIBE (e.g., Palatina)
for the voting tribe. Beyond personal names, the
dataset marks PERS:TITLE (e.g., Augustus) when
a title is part of a name, and TITLE (e.g., pontifex)
for independent positions such as priest or veteran.
For coarse-grained annotation, the general PERS
tag is used, which spans all name parts of a single
person. Geographic information is captured by the

Dataset

SWe are aware that we limited the selection to certain
factors, which might not result in a fully representative
sample of the overall data, but we favoured this approach
since it is 1) reproducible and 2) still represents a subset
of the corpus. The selected inscriptions span the early
Republican to the late Imperial period (roughly 3rd cen-
tury BCE to 4th century CE) and cover provinces across
the ltalian peninsula, the western provinces (Gallia, His-
pania, Africa), and the eastern Mediterranean, reflecting
the geographic spread of the EDCS corpus.

8Added during the editing process.
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LOC tag for cities or provinces. To ensure the qual-
ity of the manual annotation, the data was checked
for consistency across different inscription types.
We divided the dataset into three parts for the
experiments: 700 inscriptions for training, 150 for
validation, and 150 for testing. Again, stratified
sampling was used to ensure that each set had
a similar mix of entity types. This data organisa-
tion enables a reliable evaluation of how different
machine learning and transformer-based models
handle the specific patterns found in Latin inscrip-

tions.

3.2. Inter-Annotator Agreement
Category Alvs A2 A1vsA3 A2vsA3
AG 0.691 0.000 0.087
COG 0.789 0.685 0.724
FILI 0.556 0.528 0.645
LOC 0.333 0.000 0.000
NOMEN 0.742 0.835 0.755
PERS 0.303 0.214 0.391
PRAE 0.738 0.802 0.855
TITLE 0.510 0.382 0.419
TRIB 0.000 0.000 0.875
Micro-average 0.618 0.540 0.609
Macro-average 0.518 0.383 0.528

Table 1: Pairwise span-level F1-scores per entity
category and global averages. In each pair (X vs
Y), annotator X serves as the reference (proxy
gold standard) against which Y is evaluated.

Level
10 = fine
wmm Coarse

’ 0.724
0.606
0.0

Al vs A2 Al vs A3 A2 vs A3
Pair
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o °
> ®

o
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Figure 1: Pairwise comparison between annotators
based on Cohen’s «.

Three annotators independently labelled
129 inscriptions from the test set to evaluate
inter-annotator agreement. The annotation team
comprised a Latin epigraphy expert, a historian
in training, and a student responsible for data
preparation and annotation coordination. Table 1
shows pairwise F1 scores, while Figure 1 shows
Cohen’s k. The overall agreement, according to

Fleiss’ k, is 0.658, indicating moderate agreement.
However, the results generally show high overlap
in annotations of the tria nomina, whereas the
other parts of the names are more difficult to
identify. This is largely due to the limited contextual
information available in inscriptions. In many
cases, especially in fragmentary or formulaic texts,
additional name elements, such as filiations, tribal
affiliations, and titles, lack sufficient context to be
interpreted reliably. As a result, annotators may
differ in both boundary detection and category
assignment, leading to lower agreement.

3.3. Models

This study compares several modelling paradigms
to evaluate their effectiveness in recognising enti-
ties in Latin inscriptions, ranging from traditional
machine learning to modern neural and generative
approaches.

Existing Latin NER Models We first evaluate an
existing Latin NLP system as an external reference
point. Specifically, we test the LatinCy pipeline in
a zero-shot setting to establish a modern baseline.
This model was trained on a mixture of Latin tree-
banks, web corpora, and historical text collections,
but not on epigraphic material. To ensure align-
ment with our gold dataset, we construct spaCy
Doc objects directly from the gold tokenisation, pre-
venting the model from re-tokenising the text. The
span-level entity predictions produced by LatinCy
are converted into token-level BIO tags. Since Lat-
inCy uses a coarse label set, its entity types are
mapped to three evaluation categories: PERS, TI-
TLE, and LOC, whereas all other predictions are
mapped to O. On the gold-standard side, our fine-
grained person name subtypes are collapsed into
their coarse classes while preserving the BIO pre-
fixes. Performance is measured using token-level
Precision, Recall, and F1 score.

Support Vector Machine As a standard base-
line, we use a linear SVM classifier implemented in
scikit-learn.” The task is formulated as token-
level BIO classification. We compare two feature
settings. The baseline feature set includes the low-
ercase token form, word shape, prefixes, suffixes,
and the previous and next tokens. The linguis-
tic feature set is extended by adding POS tags,
dependency relations, and the lowercase form of
the syntactic head, which are obtained from the
LatinCy parser. All features are converted into
sparse vectors using DictVectorizer. To ad-
dress class imbalance, class weights are set to
balanced. The classifier is further wrapped with

"See https://scikit-learn.org/stable.
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Figure 2: Overview of the experimental framework.

CalibratedClassifierCV using sigmoid cali-
bration on the validation set to produce more reli-
able probability estimates.

Neural Models We then explore two neural net-
work architectures implemented in PyTorch. The
first is a TreeLSTM that incorporates dependency
structure by aggregating information from child to
parent nodes; its input representation concatenates
word embeddings, POS and dependency embed-
dings, and character-level CNN embeddings, which
are jointly learned during training, followed by a
hidden size of 256 and a linear layer for BIO tag
prediction. The second is a BiLSTM-CNN hybrid
that processes tokens sequentially; each token rep-
resentation combines word, character CNN, prefix,
suffix, and surrounding token embeddings, which
are fed into a bidirectional LSTM with hidden size
256 and a linear classification layer. During train-
ing, dropout with a rate of 0.5 is applied to reduce
overfitting, and both models are trained using the
Adam optimiser with a learning rate of 0.001 for 20
epochs and a batch size of 32; mini-batch gradi-
ent descent is employed, and padding tokens are
ignored in the loss computation.

BERT-based Models For Transformer-based
methods, we fine-tune two pretrained encoders
for token classification. The first is bert-base-
multilingual-cased,® which was pretrained
on more than 100 languages, including Latin. The
second is a Latin-specific RoOBERTa-based model

8See https://huggingface.co/
google—-bert/bert-base-multilingual-cased.

pretrained only on Latin corpora.® Both encoders
are further fine-tuned on our inscription dataset
as token-classification models. For multilingual
BERT, we use the Hugging Face Transformers li-
brary with a standard token classification head and
fine-tune for three epochs with a batch size of 16
and a learning rate of 5e-5. For the Latin RoBERTa
model, we use the spaCy training framework with
a Transformer-plus-NER pipeline, converting the
data to spaCy'’s binary format prior to training.

LLMs Finally, we evaluate LLMs under both
prompt-based and fine-tuned settings. In
the prompt-based experiments, GPT-4.1-mini'®,
Gemini-2.5-flash'", and Claude-Sonnet-4'2 are
tested with zero-shot and few-shot prompting (using
3-, 5-, and 10-shot prompts). The prompts define
the BIO tagging task and require the models to out-
put JSON objects containing aligned token and tag
sequences.'® For long inscriptions, the input is split
into shorter segments, and the predictions are con-
catenated. After inference, a CRF model trained
on the gold data is applied as a post-processing
step, and rule-based constraints enforce common
patterns in Roman names.

%See https://huggingface.co/pstroe/
roberta-base—-latin-cased.

9See https://developers.openai.com/api/
docs/models/gpt—-4.1-mini.

"See nhttps://ai.google.dev/gemini-api/
docs/models/gemini-2.5-flash.

121’1ttps ://www.anthropic.com/news/
claude-sonnet—-4-5.

3The prompts are available in the GitHub repository
accompanying this paper (see Footnote 4).
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In the fine-tuning setting, Gemini and GPT mod-
els are further trained on the annotated corpus us-
ing supervised learning. The training data are for-
matted as JSONL files containing token and BIO
tag sequences. Gemini fine-tuning is conducted
via the Vertex Al interface using the default hyper-
parameters, such as learning rate, batch size, and
optimiser type, which are platform-defined and do
not expose fixed numeric values. GPT fine-tuning
is performed for 3 epochs with a batch size of 1
and a learning rate multiplier of 2. All models are
evaluated on the same fixed test set.

3.4. Evaluation

To evaluate the models’ performance on Latin in-
scriptions, we use standard metrics, including Pre-
cision, Recall, and weighted & macro F1 scores.
Because the dataset employs a fine-grained BIO
tagging schema and exhibits an uneven distribution
of entity types, we primarily focus on the weighted
F1 score. This ensures that the performance on
rare tags is reflected fairly in the final results.’ For
LLM outputs, we apply a format check to convert
the generated text into standard BIO format so that
it can be compared directly with the other models
under the same criteria.

4. Results and Discussion

This section describes the results of our experi-
ments and the subsequent error analysis. Table 2
summarises the performance, specifically weighted
F1, macro F1, and accuracy, for all models evalu-
ated in this study.

4.1. Overall Performance Comparison

Clear performance differences emerge across
model families. Overall, the fine-tuned multilin-
gual BERT reaches 91.1% weighted F1 and 68.7%
macro F1, indicating strong performance even
when averaging over all entity types rather than
weighting by frequency. Fine-tuned transformer
models perform best overall. The fine-tuned mul-
tilingual BERT exhibits strong performance on
frequent name categories such as praenomen,

41t should be noted that the weighted F1 score is com-
puted over all token labels, including O, which represents
the majority class. This inflates the absolute weighted
F1 values relative to an entity-only metric. To provide a
more entity-focused picture, we also report macro F1,
which averages scores across entity categories without
weighting by frequency and excludes the dominance of
O-class tokens. Readers primarily interested in entity de-
tection performance should therefore weight the macro
F1 figures more heavily when comparing models.

nomen, and filiation markers, indicating effec-
tive adaptation to abbreviation patterns and ortho-
graphic variation.

By contrast, zero-shot models such as LatinCy
perform substantially worse, often failing to detect
complete entity spans. The Latin RoBERTa model,
although pretrained exclusively on Latin corpora,
achieves a weighted F1 of 88.9% and a macro F1
of 59.9% after fine-tuning on our dataset, indicating
that Latin-specific pretraining helps but still falls
short of the multilingual BERT baseline.

LLMs show higher variability. Performance im-
proves with more examples, and 10-shot prompting
enables Claude Sonnet to reach 90.75% accuracy,
close to that of fine-tuned BERT. Fine-tuned LLMs
such as Gemini and GPT achieve stable accuracy
above 90%, but their macro F1 remains limited due
to errors on rare labels and boundary detection.

Traditional SVM models remain strong baselines,
with weighted F1 scores of 88.40% and 87.96%,
indicating that surface features capture much of the
signal. The BIiLSTM also performs competitively,
with 88.60%, whereas the TreeLSTM performs sub-
stantially worse, at 73.45%, likely due to unreliable
dependency parses.'®

Overall, fine-tuned transformers perform best, fol-
lowed by fine-tuned LLMs, pretrained models, SVM
and BIiLSTM, and finally TreeLSTM. Models that
depend on accurate syntax or zero-shot reasoning
are less reliable than those trained on annotated
inscription data. Our results show that relying on
the latest developments, i.e., LLMs, does not yield
the best performance, as LLMs are outperformed
by a pre-trained BERT. These representations ap-
pear to contain information valuable for the NER
task. This is confirmed by the almost equally strong
results of LatinBERT.

Recall values follow a broadly similar pattern to
weighted F1, though with notable divergences for
specific entity classes. Fine-tuned BERT achieves
the highest overall weighted recall, closely matched
by the fine-tuned LLMs. Among few-shot LLMs,
Claude with 10-shot prompting is competitive at
the weighted level, but per-class recall reveals a
striking weakness on the coarse PERS category,
where it almost entirely fails to recover underspeci-
fied name spans, preferring to assign a fine-grained
subtype or nothing at all. LOC recall is low across
all models and architectures, underscoring that lo-
cation recognition remains the most challenging
category. These recall figures are particularly rele-
vant for historical NER, where missed entities may
represent irretrievable losses of prosopographic or
geographic information. Per-class recall values for
all models are available in the project repository
(see Footnote 4).

SFor future work, we plan on an evaluation of the
parsing results by LatinCy on the inscriptions.
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Model Category Model Name Weighted F1 | Macro F1 | Accuracy
Transformer (fine-tuned) BERT* 0.911 0.687 0.912
LLM (few-shot) Claude-10shot* 0.904 0.759 0.908
LLM (fine-tuned) GPT-fine-tuned 0.896 0.623 0.906
LLM (fine-tuned) Gemini-fine-tuned* 0.901 0.610 0.905
Transformer (pretrained) Latin-RoBERTa 0.889 0.599 0.891
Neural Network (sequential) BiLSTM* 0.886 0.613 0.892
LLM (few-shot) Gemini-10shot 0.883 0.622 0.890
Traditional (feature-based) SVM-Linguistic* 0.884 0.625 0.890
Traditional (feature-based) SVM-nonLinguistic 0.880 0.628 0.888
LLM (few-shot) Claude-5shot 0.881 0.639 0.880
Neural Network (hierarchical) | TreeLSTM 0.735 0.459 0.746
LLM (baseline) Claude-0shot* 0.799 0.507 0.814
LLM (baseline) Gemini-Oshot 0.794 0.457 0.803
LLM (baseline) GPT-0shot 0.712 0.310 0.700
External Pipeline LatinCy 0.580 0.240 0.580

Table 2: Overall performance of all models. The best performances per measure and the best overall
model are in bold. The best models per category (feature-based, neural network, Transformer-based,

LLM) are marked with an asterisk (*).

4.2. Fine-Grained Entity Performance

Label ‘ BERT SVM BiLSTM CI-10s Gem-FT
B-P:PRAE 0.928 0.883 0.885 0.922 0.896
B-P:NOMEN | 0.881 0.789 0.814 0.895 0.828
B-P:COG 0.795 0.734 0.771 0.762 0.813
B-P:FILI 0.965 0.816 0.835 0.882 0.816
B-TITLE 0.711 0.750 0.624 0.723 0.714
B-LOC 0.579 0.333 0.240 0.480 0.419

Table 3: Fine-grained F1 scores across represen-
tative models. Best-performing models are in bold.
Best performances per category are in italics.

As shown in Table 3, model performance differs
considerably across entity types. For praenomen
and nomen, supervised models achieve high
scores. BERT reaches 92.82% F1 on praenomen,
and Claude, with 10-shot prompting, performs sim-
ilarly. For nomen, Claude 10-shot gives the best
result, followed closely by BERT and the BiLSTM.
SVM models perform slightly worse, especially on
nomen, which shows greater lexical diversity.

Cognomen are more challenging because of their
wider range of forms. Fine-tuned Gemini performs
best in this category, followed by BERT. Feature-
based and few-shot LLM models perform worse,
indicating that this category benefits from stronger
contextual modelling.

Filiation markers are easier for most systems.
Their repetitive structure and fixed abbreviation pat-
terns help all models. BERT achieves the highest
score at 96.52%, and several other models also

perform strongly.

Titles and location names are the most difficult
categories. Titles appear in many syntactic posi-
tions and with varied forms. In this category, the
SVM slightly outperforms other systems. Location
names are sparse and highly variable in spelling.
BERT performs best, but overall scores remain
much lower than for personal name categories.

These results show that high-frequency and for-
mulaic entity types, i.e., the tria nomina, are easier
for all models, while rare and lexically diverse cate-
gories reveal clearer differences in model capacity
and domain adaptation.

4.3. Error Analysis

This section analyses systematic discrepancies be-
tween model predictions and gold annotations. Us-
ing Claude-Sonnet-4 with 10-shot prompting as
an example, Figure 3 provides a confusion matrix
summarising category confusions.

Errors in Personal Names Labels such as
PERS:PRAE, PERS:NOMEN, PERS:COG,
PERS:FILI, and PERS:AG show high accuracy
along the diagonal, indicating that the model
broadly captures the semantic domain of Roman
personal names. Nevertheless, fine-grained errors
are substantial and reveal systematic difficulties in
handling the internal structure of the tria nomina
system.

The most prominent pattern is that PERS:COG
functions as a default category, absorbing tokens
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Figure 3: Semantic confusion matrix illustrating the
misclassification patterns between entity labels.

from multiple related subtypes. Error rates for
PERS:COG and the general PERS category are
particularly high, reaching up to 67%, indicating
frequent misassignment between the default cog-
nomen label and the coarse-grained person cat-
egory. Detailed analysis of the confusion ma-
trix reveals specific bidirectional confusions. First,
PERS:COG and PERS:AG exhibit mutual misclas-
sifications (7% in both directions). This confusion
is likely due to two factors: agnomina appear in-
frequently in the training data, and both categories
occupy a similar structural position within the name.
They follow the nomen and cognomen and serve
as additional descriptive or honorific components.
Second, PERS:COG and PERS:TRIBE show sub-
stantial bidirectional confusion (11%). This pattern
reflects historical developments in Roman nam-
ing practices: over time, many tribal designations
gradually became absorbed into the nomenclature,
sometimes evolving into nomina or cognomina. As
a result, some lexical forms can function as either
tribal markers or name components, creating inher-
ent ambiguity that challenges automatic classifica-
tion.

Two further issues emerge with specific types
of name components. First, filiation markers such
as filia, filius, and filiae (forms of EN daughter or
son), particularly in formulaic expressions (e.g.,
Marci filii, EN son of Marcus), are annotated as
PERS:FILI in the gold data because they encode
family relationships. The model, however, often
labels these tokens as O, treating them as ordi-
nary nouns rather than structural components of
the name. Second, with fragmented or abbreviated
names, although the annotation scheme permits a
general PERS label when the internal structure is
unclear, the model often predicts more specific sub-

categories such as PERS:NOMEN or PERS:COG
even for short or underspecified tokens. This be-
haviour reflects an implicit assumption of a com-
plete tria nomina structure and overgeneralisation
from canonical patterns rather than adaptation to
underspecified contexts.

Overall, these patterns demonstrate that while
the model captures the semantic notion of person-
hood, it struggles with the internal hierarchical and
relational structure of Roman personal names. The
concentration of errors in PERS:COG and the high
confusion across both general and specific cate-
gories highlight the limitations of token-level clas-
sification for representing complex onomastic con-
ventions, in which different components encode
distinct types of social and familial information.

Errors in Titles and Locations The TITLE la-
bel is reserved for historically attested Roman ad-
ministrative or military positions. Terms such as
consularis, meaning consul, are annotated as T/-
TLE when they appear in formal or official contexts,
such as in inscriptions recording careers, offices,
or honours. The model does not always follow this
principle: while most TITLE tokens are correctly
predicted, with 88% of instances on the diagonal,
around 10% are misclassified as O. Such errors
typically occur when titles resemble common nouns
or appear in less explicit contexts, suggesting that
the model sometimes treats these items as ordi-
nary nouns rather than recognising their function
as name components. Multiword title expressions
that function as a single unit are occasionally frag-
mented, reflecting difficulties in modelling longer,
formulaic sequences rather than misunderstand-
ings of individual words.

Location recognition and segmentation exhibit
similar challenges.  Administrative units and
province names are labelled as LOC when referring
to concrete geopolitical entities. While a majority of
LOC tokens are correctly identified, accounting for
73% of instances, a substantial proportion, approx-
imately 27%, is misclassified as O. This pattern
reflects a conservative prediction behaviour when
the geographical meaning is ambiguous. Bound-
ary inconsistencies arise when parts of multiword
locations are labelled differently, resulting in split or
shifted spans. Ethnic adjectives, such as Gallorum,
meaning Gallic, further complicate recognition, as
these forms are sometimes interpreted as locations
due to their morphological similarity to place names,
even when they function as descriptors of people.
Overall, these patterns indicate that the model re-
lies heavily on surface-form cues and struggles to
distinguish between geographic reference and eth-
nic attribution in contexts without explicit signals.

119



4.4. Overall Discussion

Across models and entity types, consistent pat-
terns emerge. Fine-tuned transformers achieve
the best performance, particularly on frequent and
regular personal name categories such as PRAE
and NOMEN, underscoring the advantage of su-
pervised learning for formulaic inscriptional data.
Traditional feature-based models and pretrained
transformers handle frequent patterns reasonably
well, but struggle with rare or diverse entities. LLMs
benefit from few-shot prompting but remain con-
strained by boundary detection and the scarcity of
rare-label data.

Error analysis shows that most errors are sys-
tematic. Personal names are generally detected,
but fine-grained subtypes are sometimes confused.
Titles and locations are often missed or fragmented,
especially in long formulaic expressions. Multiword
expressions, abbreviations, and ambiguous mor-
phological forms further increase difficulty. For ex-
ample, ethnic adjectives are sometimes misclassi-
fied as locations due to surface similarity.

Overall, model performance depends on the
extent to which inscriptional patterns match the
learned categories. Frequent and regular entities
are reliably recognised, while rare and complex
cases remain challenging. These findings suggest
that combining semantic modelling with targeted
linguistic features and expanding annotated data
can further improve Latin NER.

In summary, our experiments show that, in this
noisy, low-resource, and highly formulaic histori-
cal setting, task-specific fine-tuned Transformer en-
coders still set the performance ceiling: none of the
prompted or fine-tuned LLMs surpasses the fine-
tuned BERT baseline, although they come close
and exhibit complementary error profiles. This
suggests that combining encoder-based models
with LLMs, for example, via simple ensembling or
post-editing, is a promising direction for future work
rather than replacing supervised models outright.

5. Conclusion and Future Work

This study evaluated NER approaches for Latin in-
scriptions, including feature-based models, neural
networks, and large language models. Fine-tuned
transformers performed best, with BERT achieving
a weighted F1 score of 91.1% and effectively cap-
turing formulaic naming patterns, while few-shot
Claude generalised well to rare entities (weighted
F1 of 90.4%). Traditional SVMs that incorporated
handcrafted linguistic features such as morphol-
ogy, part-of-speech tags, and dependency rela-
tions provided a reasonable baseline, but their con-
tribution was limited, as evidenced by the modest
performance of syntax-dependent models such as

TreeLSTM. Error analysis revealed systematic chal-
lenges: fine-grained subtypes of personal names
were sometimes misassigned, titles and locations
were often underrecognised or fragmented, and
multiword or abbreviated expressions remained dif-
ficult to recognise. These patterns highlight the
value of domain-specific fine-tuning and suggest
that combining LLM semantics with selective lin-
guistic cues may be more effective than relying
solely on structural features. Limited overlap in er-
rors between fine-tuned models and few-shot LLMs
also indicates potential for ensemble methods. Fu-
ture work could expand the annotated corpus to
cover more regions, periods, and inscription types,
thereby improving model generalisation and robust-
ness. Moreover, a logical next step is to link names
and locations to external knowledge sources. As
such, this work opens the way to re-drawing the
social network of the ancient Roman Empire as
documented in inscriptions.

6. Limitations

Our study has several limitations. First, the inscrip-
tion sample, although stratified by date, province,
and material, is not fully representative of the en-
tire EDCS corpus and underrepresents some re-
gions and genres. Second, inter-annotator agree-
ment is low for certain labels such as TRIB, TITLE,
and LOC, which constrains the achievable upper
bound and complicates the evaluation of these cat-
egories. Third, syntax-based models depend on
LatinCy parses that are not optimised for fragmen-
tary epigraphic Latin, which likely contributes to
the poor performance of the TreeLSTM. Finally, we
restrict ourselves to surface-level BIO tagging of
flat entities; nested or discontinuous entities and
document-level co-reference are left for future work.
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You are a Latin epigraphy Named Entity Recognition (NER) expert.
Your task is to assign BIO tags to each token of Latin funerary
inscriptions.

Use only the following entity tags:

- B-PERS:PRAE - Praenomen (personal name)

— B-PERS:NOMEN - Nomen (clan/family name)

- B-PERS:COG - Cognomen (family branch or nickname)

- B-PERS:FILI - Filiational terms (e.g., filius, libertus)

- B-PERS:AG - Agnomen (honorific)

— B-PERS:TITLE - Personal title like consul, pontifex

- B-TITLE - Official state/military/religious title

- B-LOC - Geographical names only (e.g., Roma, Tiberis)

- I-PERS, I-PERS:AG, I-PERS:TITLE - Inside-tag variants

- B-PERS - Only use this if:
— The token is a standalone name, and
— It cannot be confidently classified as PRAE, NOMEN, or COG.
— Do NOT use B-PERS for names that belong to known Roman name
structures.

Use the BIO format:

- "B-" means beginning of an entity
"I-" means continuation

- "O" means not an entity

Output Format:

Return your output as exactly one valid JSON object, on a single line,
structured as:

{"tokens": [...], "tags": [...]}

Constraints:

— The number of tags MUST match exactly the number of tokens.
— Do not include explanations or comments.

- Do not output Markdown, ellipses, or formatting.

— Only return the final JSON.

You will be given a list of tokens:
<tokens>

{{TOKENS}}

</tokens>

Label each token with its BIO tag. Be strict with format and tag rules.

Figure 4: Zero-shot prompt used for LLM-based Latin NER.
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You are a Latin epigraphy Named Entity Recognition (NER) expert.
Your task is to assign BIO tags to each token of Latin funerary
inscriptions.

Use only the following entity tags:

- B-PERS:PRAE - Praenomen (personal name)

— B-PERS:NOMEN - Nomen (clan/family name)

- B-PERS:COG - Cognomen (family branch or nickname)

- B-PERS:FILI - Filiational terms (e.g., filius, libertus)

- B-PERS:AG - Agnomen (honorific)

— B-PERS:TITLE - Personal title like consul, pontifex

- B-TITLE - Official state/military/religious title

- B-LOC - Geographical names only (e.g., Roma, Tiberis)

- I-PERS, I-PERS:AG, I-PERS:TITLE - Inside-tag variants

- B-PERS - Only use this if:
— The token is a standalone name, and
— It cannot be confidently classified as PRAE, NOMEN, or COG.
— Do NOT use B-PERS for names that belong to known Roman name
structures.

Use the BIO format:

- "B-" means beginning of an entity
- "I-" means continuation

- "O" means not an entity

Output Format:

Return your output as exactly one valid JSON object, on a single line,
structured as:

{"tokens": [...], "tags": [...]}

Constraints:

— The number of tags **must match exactly** the number of tokens.
— Do not include explanations or comments.

— Do not output Markdown, ellipses, or formatting.

— Only return the final JSON.

Here are some examples of correctly labeled Latin inscriptions in the
JSON line format:

{Iltokensll: [”qui", lletII, Ilgnill, ”il’l”, ||pacelI, Ilpositusll], Iltagsll: [IIOH,
IIOII’ I|O|l’ IIOII’ ”O”, IIOII]}

{"tokens": ["Dis", "Manibus", "Anthusae", "HiYppolytus", "coniugi",
”bene”, "merenti”, ”fecit”] , "tags“: [”O", ”O”! ”B_PERS”, ”O”I ”O”!
IIOII’ "O”, HO“J}

{"tokens": ["Caius", "Vibius", "Polycarpus", "Caius", "Vibius",
"Dorus", "Halus", "Tiberi", "Claudi", "Caesaris", "aedituus", "de",
"aede", "Iovis", "porticus", "Octaviae"], "tags": ["B-PERS:PRAE",
"B-PERS:NOMEN", "B-PERS:COG", "B-PERS:PRAE", "B-PERS:NOMEN",
"B-PERS:COG", "B-PERS:AG", "B-PERS:PRAE", "B-PERS:NOMEN", "B-PERS:COG",
IIOII I|O|l IIOII IIOH IIOII IIOH] }

Label each token with its BIO tag. Be strict with format and tag rules.

Figure 5: Three-shot prompt used for LLM-based Latin NER.
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