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Abstract

Part-of-speech (POS) tagging for Medieval Ro-
mance languages remains challenging due to or-
thographic variation, morphological complex-
ity, and limited annotated resources. This paper
presents a systematic empirical evaluation of
large language models (LLMs) for POS tagging
across three medieval varieties: Medieval Occ-
itan, Medieval Catalan, and Medieval French.
We compare traditional rule-based and statis-
tical taggers with modern open-source LLMs
under zero-shot prompting, few-shot prompt-
ing, monolingual fine-tuning, and cross-lingual
transfer learning settings.

Experiments on historically grounded datasets
show that LLM-based approaches consistently
outperform traditional taggers, with fine-tuning
and multilingual training yielding the largest
improvements. In particular, cross-lingual
transfer learning substantially benefits under-
resourced varieties, while targeted bilingual
training can outperform broader multilingual
configurations for specific target languages.
The results highlight the importance of linguis-
tic proximity and dataset characteristics when
designing transfer strategies for historical NLP.

These findings provide empirical insights into
the applicability of modern neural methods to
medieval text processing and provide practical
guidance for deploying LLM-based POS tag-
ging pipelines in digital humanities research.
All code, models, and processed datasets are
released for reproducibility1.

1 Introduction

The computational analysis of historical texts plays
an increasingly important role in digital humani-
ties, enabling large-scale investigation of linguistic
change, cultural transmission, and textual variation.
A fundamental prerequisite for such analyses is
reliable linguistic annotation, with part-of-speech

1https://github.com/msch38/
medieval-romance-pos/tree/main

(POS) tagging serving as a key preprocessing step
for downstream tasks including syntactic parsing,
semantic analysis, and diachronic linguistic model-
ing (Piotrowski, 2012; Ehrmann et al., 2020).

POS tagging for Medieval Romance languages
presents particular challenges. These varieties ex-
hibit substantial orthographic instability, dialec-
tal diversity, and complex morphological systems,
while annotated corpora remain comparatively
small and domain-specific (Schöffel et al., 2025a).
An overview of the geographic distribution as well
as the spelling characteristics in all languages is
shown in Figure 1. As a result, computational tools
originally developed for modern standardized lan-
guages often show limited robustness when applied
to medieval textual material.

Traditional approaches to historical POS tagging
have relied on rule-based systems and statistical
models adapted from modern resources. While
tools such as COLaF2 and UDPipe3 provide use-
ful baselines, their performance can degrade in the
presence of spelling variation, lexical sparsity, and
genre-specific linguistic patterns. Recent advances
in large language models (LLMs) offer new oppor-
tunities to address these challenges by leveraging
contextual representations learned from large-scale
multilingual corpora. However, systematic evalu-
ation of LLM-based approaches for medieval Ro-
mance POS tagging remains limited, particularly
with respect to prompting strategies, fine-tuning
regimes, and multilingual transfer effects.

This study provides a comparative evaluation
of traditional and neural methods across three me-
dieval Romance datasets representing different ge-
nealogical branches and textual domains: Medieval
Occitan, Medieval Catalan, and Medieval French.
We investigate the following research questions:

2https://colaf.huma-num.fr/deucalion/
occ-cont

3https://lindat.mff.cuni.cz/services/
udpipe/
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(a) Map of Medieval Occitan and Medieval Catalan varia-
tions, 13th century (Cabré, 2014).

Spelling variants Modern/Known spelling

Medieval French
deffendre défendre (engl. ’to defend’)
joinncture jointure (engl. ’knuckle’)
sun son (engl. ’his’)
pruz preux (engl. ’brave’)

Medieval Catalan
ssaber saber (engl. ’to know’)
Ffrança França (engl. ’France’)
hòmens homes (engl. ’men’)
jóvens joves (engl. ’youth’)

Medieval Occitan
deceplina disciplina, disiplina, desi-

plina (engl. ’discipline’)
falssa fals (engl. ’false’)
liech/lech lloc (engl. ’place’)
fuoc/foc foc (engl. ’fire’)

(b) Spelling characteristics across medieval language varia-
tions.

Figure 1: Geographic distribution and spelling characteristics of medieval Romance languages (13th century). Left:
regional variation of Medieval Occitan and Medieval Catalan. Right: spelling variants across Medieval French,
Medieval Catalan, and Medieval Occitan.

1. How do LLM-based approaches compare to
established POS tagging tools for medieval
Romance varieties?

2. To what extent do prompting strategies and
decoding configurations influence tagging per-
formance?

3. Can cross-lingual transfer learning improve
performance across related historical lan-
guages?

Our contributions are threefold. First, we present
a controlled empirical comparison of traditional
taggers and modern LLMs across multiple train-
ing and inference regimes. Second, we analyze
the effectiveness of bilingual and trilingual transfer
configurations, highlighting the role of linguistic
proximity in multilingual historical NLP. Third,
we provide practical recommendations for select-
ing modeling strategies under different resource
constraints. Together, these contributions aim to
support the development of more robust annotation
pipelines for historical text collections.

2 Related Work

Computational processing of historical language
has evolved from early rule-based approaches to-
ward statistical and neural methods that better ac-
commodate linguistic variation and limited super-

vision. Foundational surveys (Piotrowski, 2012)
highlight key challenges in historical NLP, includ-
ing orthographic instability, domain specificity, and
data scarcity. Subsequent work has explored nor-
malization and annotation strategies for early lan-
guage stages, demonstrating the importance of
adapting preprocessing and modeling techniques
to non-standard linguistic input (Scheible et al.,
2011).

For Romance historical varieties, research has
focused on developing specialized corpora and task-
specific annotation tools. Studies on Classical and
Early Modern French show that domain-adapted
models can substantially improve lemmatization
and POS tagging accuracy compared to general-
purpose systems (Camps et al., 2021). Neural ap-
proaches have further expanded these capabilities.
Work on historical text normalization and lemma-
tization demonstrates that sequence-to-sequence
and contextualized models can effectively cap-
ture variation-rich morphological patterns (Boll-
mann et al., 2019; Manjavacas et al., 2019; Keste-
mont et al., 2016). Related efforts in OCR post-
correction and handwritten text recognition high-
light the broader applicability of neural pipelines in
historical document processing (Springmann and
Lüdeling, 2016; Koch et al., 2023; Garces Arias
et al., 2023; Wiedner, 2023; Pavlopoulos et al.,
2024; Sarawgi et al., 2026).
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Recent studies have begun to investigate large
language models in historical linguistic contexts.
Prompt-based experiments suggest that pretrained
multilingual models can transfer useful linguis-
tic knowledge to low-resource historical varieties,
although systematic comparisons across training
regimes remain scarce (Schöffel et al., 2025a;
Schöffel et al., 2025b). In parallel, research on
cross-lingual transfer learning indicates that multi-
lingual training can improve performance on under-
resourced languages when genealogical or typolog-
ical proximity is present (Karthikeyan et al., 2020;
Müller et al., 2021). Building on this line of work,
the present study provides a unified evaluation of
traditional taggers, prompting-based LLM infer-
ence, fine-tuning, and multilingual transfer learn-
ing for medieval Romance POS tagging. By jointly
analyzing multiple datasets and transfer configu-
rations, we aim to clarify the relative strengths of
these approaches in realistic historical NLP scenar-
ios.

3 Methodology

We design a comparative experimental framework
to evaluate traditional and neural approaches to
part-of-speech (POS) tagging for medieval Ro-
mance languages. The study considers five experi-
mental settings: direct application of traditional
taggers, prompting-based large language model
(LLM) inference, monolingual fine-tuning, bilin-
gual cross-lingual transfer learning, and trilingual
multilingual training. This setup enables system-
atic analysis of how varying levels of supervision
and multilingual exposure affect tagging perfor-
mance. In particular, the bilingual and trilingual
configurations allow us to examine the role of
linguistic relatedness and dataset composition in
cross-lingual transfer. An overview of the experi-
mental configuration is provided in Table 3.

3.1 Datasets
We employ three historically grounded datasets
representing distinct medieval Romance varieties
and textual domains, summarized in Table 1. Fur-
ther dataset references are available in the accom-
panying GitHub repository. The three resources
differ substantially in size, genre, and century of
composition, which we revisit when interpreting
cross-lingual transfer results in Section 4 and as a
limitation in the closing discussion.

Dataset Language Genre Tokens

NAF Med. Occitan (14th c.) Literary 45,457
CAT Med. Catalan (13th c.) Chronicle 59,359
Chauliac Med. French (15th c.) Medical 2,443

Table 1: Summary of the three medieval Romance
datasets used in this study.

Medieval Occitan: the Nouvelle Acquisi-
tion Française 6195 (NAF6195), also known as
manuscript M of the Vida de Sant Honorat, dating
from the 14th century. This literary manuscript
reflects Provençal tradition and contains approxi-
mately 45,457 manually annotated tokens (Wied-
ner, 2025). Medieval Catalan: the Llibre dels
Fets, a historical chronicle describing the reign of
James I of Aragon, composed in the 13th century.
This chronicle comprises approximately 59,359
tokens with consistent morphological annotation
(Pujol i Campeny and Meelen, 2021). Medieval
French: the Anathomie section from Gui de Chau-
liac’s Grande Chirurgie, a 15th-century medical
treatise containing specialized technical vocabulary
and approximately 2,443 annotated tokens (Tittel,
2004)4.

3.2 Models

We include traditional POS taggers as baselines.
UDPipe (Straka et al., 2016) is a neural pipeline
trained on Universal Dependencies treebanks, of-
fering tokenization, tagging, lemmatization, and
parsing for many modern languages. COLaF is
a neural tagger from the COLaF project covering
French, the languages of France, and modern Occi-
tan. Neither is natively trained on Medieval Catalan
or Medieval Occitan, providing a realistic base-
line for off-the-shelf generalization to historical
Romance varieties. We additionally evaluate two
open-source LLMs, Gemma3-12B (Gemma-Team
et al., 2024) and Phi4-14B (Abdin et al., 2024), un-
der prompting, monolingual fine-tuning, and multi-
lingual fine-tuning. Except for COLaF and UDPipe
on Medieval French, none of the evaluated models
were explicitly trained on Medieval Occitan, Cata-
lan, or French. Representative language coverage
per model is summarized in Table 6 (Appendix A).

4All datasets were preprocessed through tokenization and
sentence segmentation, followed by manual verification of
annotations. Tagsets were harmonized using Universal Depen-
dencies conventions to ensure cross-dataset comparability.
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3.3 Prompting Strategies
As summarized in Table 2, we investigate two
prompting configurations: zero-shot and few-shot.
In the zero-shot setting, models receive task in-
structions specifying the Universal Dependencies
POS tagset and output format without exposure
to target-domain examples. In the few-shot set-
ting, prompts additionally include a small fixed set
of annotated tokens reflecting morphological vari-
ability and orthographic diversity across the three
target varieties. The example block is held con-
stant across all evaluations to ensure prompt-level
comparability and to avoid variance introduced by
random example sampling. We deliberately mix
examples from all three medieval varieties in a sin-
gle block to expose the model to the orthographic
heterogeneity it must cope with at inference time,
rather than to optimize per-language prompts; we
revisit this design choice as a limitation. This de-
sign allows assessment of how limited in-context
supervision influences tagging performance.

3.4 Decoding Strategies
To assess the robustness of prompting-based infer-
ence, we evaluate several commonly used decod-
ing approaches (Wiher et al., 2022; Garces Arias
et al., 2025). Specifically, we consider beam search,
temperature sampling (Ackley et al., 1985), top-k
sampling (Fan et al., 2018), and nucleus (top-p)
sampling (Holtzman et al., 2019). Hyperparameter
ranges for each decoding configuration are summa-
rized in Table 3.

3.5 Fine-tuning Experiments
We investigate three fine-tuning scenarios, all using
a single fixed 80%/20% train/test split per dataset.
The same 20% test partition for each dataset is
reused across the monolingual, bilingual, and trilin-
gual settings, so that test tokens are never seen
during training in any configuration and accuracy
numbers are directly comparable across regimes.

First, in monolingual fine-tuning, each LLM
is trained on the 80% partition of one dataset and
evaluated on the corresponding 20% test partition.

Second, in bilingual cross-lingual transfer
learning (CLTF), models are trained on the union
of the 80% partitions of two datasets (CAT+OCC,
CAT+FR, FR+OCC, where OCC = NAF and FR
= Chauliac) and evaluated on the held-out 20%
partition of each constituent language.

This setup allows analysis of how genealogical
proximity and corpus characteristics influence
transfer effectiveness. Third, in trilingual CLTF,
models are trained on the combined 80% partitions
of all three datasets and evaluated separately on
each language’s 20% test partition. This config-
uration tests whether broader multilingual expo-
sure improves performance, particularly for lower-
resource varieties. A true held-out cross-lingual
evaluation (e.g., CAT+FR→NAF, with the target
language entirely absent from training) is left for
future work. Fine-tuning hyperparameters are pro-
vided in Table 8.

3.6 Evaluation Metrics
Model performance is assessed using standard clas-
sification metrics (see Appendix F). Accuracy mea-
sures the proportion of correctly predicted POS tags
across all tokens, providing an overall performance
indicator. Macro-averaged F1 captures balanced
performance across frequent and infrequent POS
categories by averaging class-level F1-scores.

3.7 Experimental Setup
A comprehensive description of the models,
datasets, experiments and tasks is summarized in
Table 3.

4 Results

4.1 Overall Performance Comparison

Figure 2: Illustration of performance evolution, in terms
of Average Accuracy, per dataset (NAF in blue, CAT
in green, Chauliac in purple), from traditional POS tag-
gers (UDPipe, COLaF) through LLM prompting and
monolingual fine-tuning to trilingual cross-lingual trans-
fer learning (CLTF). Shaded areas represent variability
across model and decoding configurations within each
method family.
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Prompting Strategy Prompt
Zero-shot You are a linguistic expert in Medieval Romance languages.

Analyze the given text and assign Universal Dependencies Part-of-Speech tags
(UPOS) to each token.
Available tags: “ADJ”, “ADP”, “ADV”, “AUX”, “CCONJ”, “DET”, “INTJ”,

“NOUN”, “NUM”, “PART”, “PRON”, “PROPN”, “PUNCT”, “SCONJ”,
“VERB”, “X”, “SYM”.
Return a JSON array of objects, each with only “word” and “UPOS” keys.
Output only the JSON array, properly formatted and closed, with no extra text or
explanation.

Few-shot Zero-shot prompt +
Consider syntactic and semantic relationships, including agreement, word order,
and morphology. Medieval Romance languages often exhibit significant spelling
variation; for example, Old Occitan: ‘ansy’, ‘eynsi’, or ‘anes’; Old Catalan:

‘fiyl’, or ‘conseyl’; Middle French: ‘norryr’ or ‘norrir’.

Example format:
[{“word”: “bo”, “UPOS”: “ADJ”}, {“word”: “volch”,
“UPOS”: “VERB”}, {“word”: “seyor”, “UPOS”: “NOUN”},
{“word”: “homps”, “UPOS”: “NOUN”}, {“word”:
“sant”, “UPOS”: “ADJ”}, {“word”: “iorn”, “UPOS”:
“NOUN”}, {“word”: “ilz”, “UPOS”: “PRON”}, {“word”:
“addicions”, “UPOS”: “NOUN”}, {“word”: “deffendre”,
“UPOS”: “VERB”}]

Table 2: Comparison of different prompting strategies for UD POS tagging.

Figure 2 summarizes tagging accuracy across ex-
perimental configurations. Traditional POS taggers
achieve competitive results on selected datasets but
exhibit substantial performance variability across
language varieties. Prompting-based LLM infer-
ence generally yields higher and more stable accu-
racy, while supervised fine-tuning further improves
performance across all datasets. The largest gains
are observed under multilingual training regimes,
particularly for the lower-resource Medieval Occi-
tan dataset.

In aggregate terms, traditional approaches
reach an average accuracy of 71.56%, with pro-
nounced dispersion across cells (52.15%–89.40%).
Prompting-based LLM inference improves aver-
age accuracy to 77.75% (range 62.53%–84.98%
across cells), while also reducing per-dataset vari-
ability relative to the traditional baselines. Dataset-
specific patterns are evident: the Medieval Cata-
lan dataset exhibits the largest performance gap
between traditional systems and fine-tuned LLMs
(10.93 percentage points), whereas improvements
for NAF and Chauliac are more moderate (approxi-
mately 5 percentage points on average).

Monolingual LLM fine-tuning yields a further in-
crease in mean accuracy to 85.19% (range 78.36%–
92.52% across cells). The strongest results are
obtained on the CAT dataset, where both Gemma3
and Phi4 exceed 92% accuracy. At the same time,
the broader performance range observed under fine-

tuning suggests sensitivity to dataset size, domain,
and linguistic characteristics.

Bilingual cross-lingual transfer learning (CLTF)
produces heterogeneous effects depending on lan-
guage pairing. The CAT+OCC configuration
achieves 89.25% accuracy on NAF, approach-
ing trilingual performance levels, while CAT+FR
reaches 93.14% on Chauliac, representing the high-
est accuracy observed for Medieval French across
all experimental conditions. This bilingual config-
uration outperforms both monolingual fine-tuning
(+9.50 percentage points) and trilingual CLTF
(+4.91 percentage points) for this dataset. In con-
trast, the FR+OCC pairing results in only marginal
improvement on NAF (80.31% vs. 80.09% mono-
lingual), indicating that transfer effectiveness de-
pends strongly on the specific language combina-
tion.

Trilingual CLTF achieves an average accuracy
of 88.01% with the narrowest spread among all
method families (range 86.48%–89.68% across
cells), suggesting comparatively stable behavior
across datasets. Relative to the UDPipe baseline,
trilingual training leads to substantial gains on
NAF (+21.67 percentage points) and CAT (+7.57
percentage points), while performance on Chau-
liac decreases slightly (−1.17 percentage points).
Notably, the bilingual CAT+FR configuration re-
mains superior for Medieval French, illustrating
that broader multilingual exposure does not neces-
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Models & Datasets

Traditional COLaF, UDPipe
LLMs Gemma3-12B (Gemma-Team et al., 2024), Phi4-14B (Abdin et al., 2024)

Language support in Table 6, Appendix A
Datasets NAF (Medieval Occitan, 14th c.), CAT (Medieval Catalan, 13th c.),

Chauliac (Medieval French, 15th c.)

Experimental Tasks

Task 1: Traditional Direct evaluation using COLaF and UDPipe on all datasets

Task 2: LLM Prompting Zero-shot & few-shot prompting (Table 2)
Decoding: beam search (w ∈ {1, 15}), temperature
(τ ∈ {0.6, 0.8, 0.9}), top-k (k ∈ {5, 20, 50}), top-p
(p ∈ {0.75, 0.85, 0.95})

Task 3: LLM Fine-tuning 80/20 train/test split per dataset
Each model fine-tuned and tested on same dataset (1-to-1 mapping)

Task 4: Bilingual CLTF 80% of two datasets for training, 20% per dataset for testing
Pairwise: CAT+OCC, CAT+FR, FR+OCC (2-to-1 transfer)

Task 5: Trilingual CLTF 80% of all datasets for training, 20% per dataset for testing
Multilingual training → monolingual testing (N-to-1 transfer)

Table 3: Experimental setup for POS tagging of medieval Romance languages. Evaluation focused on accuracy
with precision, recall, and F1-measures available (Appendix F). All experiments used NVIDIA H100-96GB GPU.
Hyperparameters detailed in Appendices B and C.

sarily yield optimal results for all target languages.
A detailed comparison is provided in Table 45.

Overall, the progression from traditional meth-
ods (71.56%) to prompting (77.75%), fine-tuning
(85.19%), and multilingual transfer (up to 88.01%)
reflects systematic improvements associated with
increased supervision and multilingual training sig-
nals. However, the results also suggest that optimal
transfer configurations are language-dependent:
trilingual training appears beneficial for Medieval
Occitan, whereas targeted bilingual pairing with
Catalan is more effective for Medieval French.

4.2 Task-Specific Analysis

4.2.1 Traditional vs. LLM-based Approaches
Across datasets, LLM-based methods consistently
outperform traditional POS taggers. UDPipe
achieves relatively strong results on the Chauliac
dataset (89.40% accuracy), but performance de-
clines substantially on NAF (68.01%), highlighting
the challenges posed by orthographic variability
and the limited training data available in Medieval
Occitan.

5Caveat. Token counts differ by more than an or-
der of magnitude across datasets (Table 1), so the strong
CAT+FR→Chauliac result partly reflects the additional train-
ing material contributed by Catalan rather than genealogical
proximity alone. Disentangling size, genre, and relatedness
through controlled subsampling is left for future work.

4.2.2 Prompting Strategy Effectiveness

Few-shot prompting yields systematic improve-
ments over zero-shot configurations across all mod-
els and datasets (see Figure 4 in Appendix E). Ab-
solute gains range from 2.94 percentage points on
Chauliac with Gemma3 to 10.24 percentage points
on NAF with Phi4. Among the evaluated mod-
els, Phi4 demonstrates stronger prompting perfor-
mance overall. In addition, deterministic decoding
strategies tend to outperform sampling-based ap-
proaches, with beam search (beam width = 15) con-
sistently achieving the highest accuracy. Detailed
decoding-level results and variability analyses are
provided in Tables 9 and 10 (Appendix D.1).

4.2.3 Monolingual Fine-tuning vs.
Multilingual CLTF

Monolingual fine-tuning achieves the highest per-
formance on Medieval Catalan (92.52% with
Gemma3). In contrast, trilingual CLTF yields the
largest improvement for Medieval Occitan, increas-
ing accuracy from 80.09% under monolingual fine-
tuning to 89.68%. This pattern suggests that cross-
lingual supervision is particularly beneficial for
lower-resource datasets. The relative impact of
multilingual training across datasets and models is
illustrated in Figure 3.
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Task Model/Strategy NAF CAT Chauliac

Acc. F1 Acc. F1 Acc. F1

Traditional
UDPipe 68.01 67.29 81.59 81.19 89.40 89.53
COLaF 65.73 65.47 52.15 51.50 72.50 67.43

Prompting

Gemma3 Zero-shot 62.53 61.81 72.54 74.03 82.49 82.58
Gemma3 Few-shot 69.39 69.22 79.48 80.49 84.80 85.20
Phi4 Zero-shot 72.78 71.94 80.84 81.01 84.45 84.61
Phi4 Few-shot 75.01 74.31 83.69 83.75 84.98 85.19

Fine-tuning
Gemma3 80.09 79.99 92.52 92.50 83.64 83.74
Phi4 78.36 78.35 92.20 92.13 84.33 84.10

Bilingual CLTF
Gemma3 (CAT+OCC) 89.25 89.18 91.62 91.54 – –
Gemma3 (CAT+FR) – – 91.28 91.19 93.14 93.02
Gemma3 (FR+OCC) 80.31 80.22 – – 85.74 85.61

Trilingual CLTF
Gemma3 89.68 89.66 89.16 89.11 88.23 88.09
Phi4 86.48 86.39 87.94 87.74 86.57 86.48

∆best, UDPipe Best CLTF vs UDPipe +21.67 +22.37 +7.57 +7.92 +3.74 +3.49

Table 4: Overall performance comparison across methods and datasets. Best result per method is in bold; best
overall result per column is highlighted in green . For each bilingual CLTF row, results are reported on the held-out
partition of each constituent language; cells marked “–” indicate languages outside the training pair.

Figure 3: Effect of trilingual CLTF with respect to single-dataset LLM fine-tuning.

4.2.4 Bilingual vs. Trilingual Transfer

Bilingual CLTF results indicate that targeted lan-
guage pairing can match or exceed trilingual train-
ing for specific datasets (see Table 4). Three
observations emerge. First, Medieval Catalan
functions as an effective bridge language. Pair-
ing Catalan with either Occitan (CAT+OCC →

NAF: 89.25%) or French (CAT+FR → Chauliac:
93.14%) leads to substantial gains over monolin-
gual fine-tuning. This pattern is consistent with
Catalan’s intermediate genealogical position be-
tween Gallo-Romance and Occitano-Romance vari-
eties. Second, transfer effectiveness varies across
language combinations.
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The configuration FR+OCC yields only minimal
improvement for NAF (+0.22 percentage points),
suggesting that linguistic proximity alone does not
guarantee successful transfer. Corpus size imbal-
ance and domain differences may also influence
performance.

Third, increasing the number of training
languages does not uniformly improve results.
For Medieval French, bilingual CAT+FR train-
ing (93.14%) clearly outperforms trilingual CLTF
(88.23%). This likely reflects the small size of the
Chauliac dataset, which benefits from focused ex-
posure to closely related Catalan material; all three
corpora are domain-specific, so corpus size appears
to be the more salient factor here. Conversely, Me-
dieval Occitan shows the strongest performance
under trilingual training, suggesting complemen-
tary transfer signals from both Catalan and French.

5 Error Analysis

5.1 Part-of-Speech Class Performance

Analysis of POS-specific F1-scores reveals system-
atic differences across methods. Table 5 (NAF) is
shown here; CAT and Chauliac results are in Ap-
pendix D.2. Adjectives and adverbs remain partic-
ularly challenging for traditional approaches, with
UDPipe yielding comparatively low F1-scores for
these categories. LLM-based approaches, espe-
cially fine-tuned models, show marked improve-
ments, which suggests that contextual representa-
tions may be helpful for disambiguating seman-
tically richer POS classes. Pronouns also show
consistent gains across LLM-based methods, po-
tentially reflecting improved handling of context-
dependent dependencies.

By contrast, function words such as adpositions
and coordinating conjunctions maintain high per-
formance across most methods. This pattern sug-
gests that these categories may be more reliably
identified from local syntactic cues. Verb classi-
fication also remains comparatively stable across
approaches, indicating that morphological mark-
ing provides relatively strong signals even in the
presence of orthographic variation.

5.2 Cross-Lingual Transfer Effects

Cross-lingual transfer results indicate that content-
word categories (e.g., nouns, adjectives, verbs) tend
to benefit more from multilingual training than
function-word categories. The NAF dataset shows
the largest gains under trilingual CLTF, with accu-

racy increasing from 80.09% under monolingual
fine-tuning to 89.68%. These improvements are
particularly pronounced for lower-frequency POS
classes, suggesting that multilingual exposure can
help mitigate data sparsity in historical language
processing. The bilingual transfer results refine
this picture further. The strong performance of
the CAT+OCC configuration on NAF suggests that
Catalan provides useful lexical and morphologi-
cal information for Occitan. Similarly, the gains
observed for CAT+FR on Chauliac indicate that
focused bilingual training may be advantageous for
small, domain-specific datasets.

6 Discussion: Implications for Historical
NLP

The results of this study provide several insights for
the development of computational pipelines in his-
torical language processing. First, the observed per-
formance differences across training regimes sug-
gest that model adaptation strategies should be care-
fully aligned with resource availability and linguis-
tic relatedness. In particular, multilingual training
appears to offer robust benefits for lower-resource
historical varieties, while targeted bilingual config-
urations may yield stronger performance for small,
domain-specific datasets.

Second, the analysis highlights the importance
of contextual modeling for linguistically variable
input. Improvements observed for semantically
richer POS classes such as adjectives, adverbs, and
pronouns indicate that contextualized neural repre-
sentations can mitigate challenges associated with
orthographic instability and morphological varia-
tion. This finding supports recent trends toward
integrating large pretrained models into digital hu-
manities workflows, where annotation robustness is
often constrained by heterogeneous textual sources.

Third, the heterogeneous transfer effects ob-
served across language pairings underline the need
for historically informed model design. Genealogi-
cal proximity alone does not fully determine trans-
fer success; corpus size, genre, and annotation con-
sistency also appear to play important roles. These
factors suggest that future historical NLP research
should move beyond purely language-centric trans-
fer assumptions and adopt more data-driven crite-
ria for multilingual training configuration. These
findings indicate that modern neural tagging ap-
proaches can meaningfully complement traditional
linguistic annotation methods.
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POS UDPipe Phi4 FS Gemma3 FT Gemma3 CLTF ∆

PROPN 25.85 72.34 78.31 92.47 +66.62
NUM 28.92 61.39 91.89 86.01 +62.97
AUX 38.39 45.08 53.58 61.04 +22.65
PRON 45.80 52.77 76.38 81.51 +35.71
ADV 50.61 54.19 66.92 74.38 +23.77
SCONJ 52.94 54.73 57.97 94.62 +41.68
ADJ 65.29 72.05 71.17 73.58 +8.29
VERB 67.77 79.91 75.79 89.00 +21.23

DET 73.81 73.48 89.97 87.99 +16.16
NOUN 76.45 83.65 82.81 89.44 +12.99
CCONJ 83.06 81.72 86.67 96.34 +13.28
ADP 85.51 89.93 88.59 92.78 +7.27

Table 5: Per-class F1 on NAF: low-performing (top) and high-performing (bottom) classes. FS = few-shot, FT =
fine-tuned, ∆ = improvement of best LLM-based method over UDPipe. Best per row in green .

7 Conclusion

This paper presents a systematic empirical eval-
uation of large language models for POS tag-
ging across three medieval Romance language
datasets. Relative to traditional tagging tools, LLM-
based approaches yield consistent performance
improvements under prompting, fine-tuning, and
multilingual training settings. Cross-lingual trans-
fer learning is particularly beneficial for lower-
resource varieties, while targeted bilingual con-
figurations can outperform broader multilingual
training for specific target languages. Beyond re-
porting performance differences, the analysis high-
lights the importance of linguistic proximity and
dataset composition when designing multilingual
training strategies for historical NLP. Overall, the
findings suggest that contemporary neural models
can contribute to more reliable linguistic annota-
tion pipelines for medieval texts and may support
broader digital humanities workflows. Future work
may include additional historical languages, exam-
ine downstream task effects, and explore alternative
multilingual adaptation strategies.

Limitations Our study has several limitations.
First, dataset sizes range from 2,443 to 59,359
tokens and represent different genres. We did
not run controlled subsample or learning-curve ex-
periments, so corpus size, genre, and genealogi-
cal proximity cannot be fully disentangled in the
cross-lingual transfer results. Second, the few-
shot block mixes examples from all three varieties;
per-language prompts and example-selection strate-
gies were not systematically explored. Third, the
strongest results are obtained with fine-tuned 12–
14B LLMs, which are substantially more expen-
sive than UDPipe or COLaF. We did not evaluate

smaller LLMs (e.g., 1–3B) or a modern pre-trained
encoder fine-tuned for token classification (e.g.,
XLM-R). Moreover, Gemma3-12B and Phi4-14B
were chosen as strong openly available instruction-
tuned models that fit on a single H100 under LoRA;
the 7–9B range and proprietary models were not
explored. Finally, generalization to other historical
language families and to downstream tasks (lemma-
tization, parsing, NER) remains untested.
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Appendix

A Supported languages (pre-training)

Language COLaF UDPipe Phi4-14B Gemma3-12B
Occitan (modern) ✓ ✓

Medieval Occitan
Catalan (modern) ✓ ✓

Medieval Catalan
French (modern) ✓ ✓ ✓ ✓

Medieval French ✓ ✓

Spanish (modern) ✓ ✓ ✓

Italian (modern) ✓ ✓ ✓

Portuguese (modern) ✓ ✓ ✓

Romanian (modern) ✓ ✓ ✓

Galician (modern) ✓ ✓

Asturian (modern) ✓

Sardinian (modern) ✓

Sicilian (modern) ✓

Ligurian (modern) ✓

Lombard (modern) ✓

Venetian (modern) ✓

Friulian (modern) ✓

Arabic ✓ ✓ ✓

English ✓ ✓ ✓

Table 6: Language support (modern vs. medieval) across traditional POS taggers (COLaF, UDPipe) and LLMs
(Phi4-14B and Gemma3-12B).

B Hyperparameters for LLM Prompting

Category Hyperparameter Value

Tokenizer
Max Length 8192
Padding Side left

Data Type
torch.bfloat16 (Gemma)
torch.float16 (Phi-4)

Model
Max New Tokens 300
Batch Size 8

Processing
Chunk Size 20
Window Length 5

Table 7: Hyperparameters used for LLM prompting experiments.
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C Hyperparameters for LLM Fine-tuning

Category Hyperparameter Value

LoRA

LoRA Rank (r) 16
LoRA Alpha (α) 32
LoRA Dropout 0.1

Target Modules
q_proj, v_proj,
k_proj, o_proj

Training

Learning Rate 2× 10−4

Batch Size 4
Number of Epochs 10
Optimizer AdamW
Weight Decay 0.01

Table 8: Hyperparameters used for LLM fine-tuning experiments with LoRA.

D Performance Analysis

D.1 Effect of Decoding Strategies

Model Strategy NAF CAT Chauliac Average Std Dev

Gemma3

Zero-shot + Beam-15 62.53 72.54 82.36 72.48 10.08
Few-shot + Beam-1 69.24 79.37 84.27 77.63 7.51
Few-shot + Beam-15 69.39 79.52 84.51 77.81 7.50
Few-shot + Top-k-5 69.22 79.48 84.80 77.83 7.79
Few-shot + Top-k-20 69.29 79.33 84.35 77.66 7.51
Few-shot + Top-k-50 69.17 79.41 84.28 77.62 7.56
Few-shot + Top-p-0.75 69.33 79.47 84.56 77.79 7.62
Few-shot + Top-p-0.85 69.34 79.42 84.44 77.73 7.54
Few-shot + Top-p-0.95 69.27 79.31 83.99 77.52 7.34
Few-shot + Temp-0.6 69.23 79.46 84.49 77.73 7.63
Few-shot + Temp-0.8 69.30 79.35 84.31 77.65 7.48
Few-shot + Temp-0.9 69.35 79.43 84.39 77.72 7.52

Phi4

Zero-shot + Beam-15 72.77 80.84 84.09 79.23 6.67
Few-shot + Beam-1 74.86 83.47 84.60 80.98 5.37
Few-shot + Beam-15 75.01 83.69 84.98 81.23 5.32
Few-shot + Top-k-5 74.02 82.88 84.31 80.40 5.15
Few-shot + Top-k-20 73.76 82.85 83.98 80.20 5.55
Few-shot + Top-k-50 73.80 82.81 84.11 80.24 5.21
Few-shot + Top-p-0.75 74.50 83.46 84.51 80.82 5.53
Few-shot + Top-p-0.85 74.49 83.34 84.00 80.61 5.43
Few-shot + Top-p-0.95 74.19 83.16 84.56 80.64 5.70
Few-shot + Temp-0.6 74.48 83.23 84.53 80.75 5.53
Few-shot + Temp-0.8 74.27 82.94 83.78 80.33 4.84
Few-shot + Temp-0.9 74.26 82.97 84.69 80.64 5.95

Table 9: Comprehensive decoding strategy performance analysis. Best results per model are highlighted in bold,
while best overall results per column are highlighted in green .
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Strategy Type Mean Acc. Std Dev. CV Range Recommendation

Phi4 Few-shot
Beam Search 81.23 0.12 0.001 0.5 Most reliable
Top-k Sampling 80.28 0.20 0.002 1.1 Good alternative
Top-p Sampling 80.69 0.18 0.002 0.8 Balanced performance
Temperature 80.57 0.21 0.003 0.9 Moderate variance

Gemma3 Few-shot
Beam Search 77.81 0.14 0.002 0.3 Consistent but lower
Top-k Sampling 77.70 0.11 0.001 0.5 Very consistent
Top-p Sampling 77.68 0.14 0.002 0.4 Stable performance
Temperature 77.70 0.08 0.001 0.2 Most consistent

Table 10: Decoding strategy robustness and variance analysis. CV = coefficient of variation (Std Dev / Mean),
Range = max - min across datasets. Highlighted cells indicate the best combination of performance and stability.

D.2 POS Class Performance

POS Class UDPipe Phi4 Few-shot Gemma3 Fine-tuned Gemma3 CLTF Improvement

ADJ 54.12 58.11 79.75 71.94 +25.63
ADV 51.19 58.79 77.30 72.93 +21.74
PRON 62.19 68.66 84.47 81.10 +22.28
DET 71.69 74.40 87.32 89.38 +17.69
PROPN 79.90 76.26 98.07 91.22 +18.17

NOUN 86.14 85.34 91.84 88.72 +5.70
VERB 91.31 93.55 92.29 87.91 +2.24
ADP 94.34 93.09 94.16 92.65 -0.18
CCONJ 95.02 95.86 98.89 96.22 +3.87

Table 11: Per-class F1 on CAT: low-performing (top) and high-performing (bottom) classes. Best per row in
green .

POS Class UDPipe Phi4 Few-shot Gemma3 Fine-tuned Gemma3 CLTF Improvement

NUM 48.78 60.87 83.33 88.04 +39.26
AUX 56.45 32.97 40.00 49.30 -7.15
ADJ 68.66 64.52 57.14 70.27 +1.61

ADV 75.59 77.83 64.15 74.02 +2.24
PROPN 76.19 66.67 75.00 90.47 +14.28
VERB 86.32 82.55 67.39 86.71 +0.39
PRON 88.50 76.66 83.72 79.90 -4.78
DET 91.79 82.72 76.47 89.25 -2.54
NOUN 92.88 90.87 89.51 88.29 -2.01
ADP 93.14 87.70 90.62 92.16 -0.98
CCONJ 93.99 89.42 91.30 95.65 +1.66

Table 12: Per-class F1 on Chauliac: low-performing (top) and high-performing (bottom) classes. Best per row in
green .
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Figure 4: Decoding strategy performance across varying prompts, models and datasets.

E Decoding effects

F Evaluation metrics

We assessed our model using several standard metrics, defined as follows.

Accuracy Accuracy quantifies the proportion of tokens for which the predicted POS tag matches the
gold label:

Accuracy =
#correct predictions

#tokens
. (1)

Precision Precision measures the fraction of correct POS tag predictions among all instances predicted
as a given tag:

Precision =
TP

TP + FP
. (2)

Recall Recall determines the proportion of actual POS tag instances that were correctly predicted:

Recall =
TP

TP + FN
. (3)

where TP , FP , and FN denote true positives, false positives, and false negatives, respectively.

F1-score The F1-score, representing the harmonic mean of precision and recall, is computed as:

F1-score = 2× Precision × Recall
Precision + Recall

. (4)

G Practical Recommendations

G.1 Method Selection Framework
Performance analysis reveals distinct optimal strategies depending on computational resources and target
language characteristics, as illustrated in Table 13.
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For resource-scarce languages like Medieval Occitan, trilingual CLTF provides substantial gains (+21.67
percentage points over traditional methods). Medieval Catalan benefits most from dedicated fine-tuning,
while Medieval French achieves peak performance through bilingual pairing with Catalan, surpassing
both trilingual CLTF and traditional tools. Under resource constraints, UDPipe remains a competitive
option for Medieval French.

G.2 Implementation Guidelines
Prompting Configuration Few-shot prompting consistently outperforms zero-shot across all conditions,
with improvements ranging from 2.94 to 10.24 percentage points. Phi4 demonstrates superior prompting
capabilities, achieving 81.23% average accuracy compared to Gemma3’s 77.81%. For decoding, beam
search with width 15 provides optimal results across all datasets and models.

Cross-Lingual Transfer Learning CLTF shows particular effectiveness for under-resourced varieties.
Medieval Occitan achieves the largest improvement (+9.59 percentage points over monolingual fine-tuning
with trilingual CLTF), while Medieval French benefits most from targeted bilingual pairing with Catalan
(+9.50 percentage points over monolingual fine-tuning). We recommend trilingual CLTF when the target
language can benefit from broad cross-lingual exposure, and bilingual CLTF when a closely related
language with sufficient training data is available—particularly for small target datasets where trilingual
training may dilute the transfer signal.

Strategic Language Pairing Our bilingual experiments demonstrate that linguistic similarity should
guide language pairing decisions. Catalan, occupying an intermediate position between Gallo-Romance
and Occitano-Romance, serves as an effective bridge language for both Occitan and French. In contrast,
the French–Occitan pairing yields minimal gains (+0.22 percentage points), suggesting that more distant
genealogical relationships or domain mismatches can limit transfer effectiveness. We recommend
practitioners prioritize pairings based on genealogical proximity and complementary corpus characteristics
rather than defaulting to the largest possible training set.

Performance-Cost Trade-offs The progression from prompting (77.75% average accuracy) to fine-
tuning (85.19%) to CLTF (up to 93.14% with optimal pairing) represents varying returns relative to
computational investment. For production systems processing single languages, the 7.44 percentage point
improvement from prompting to fine-tuning may justify computational costs. Bilingual CLTF offers an
attractive middle ground: it requires only one additional language’s training data yet can deliver substantial
gains, particularly for small target datasets. Trilingual CLTF provides the most consistent performance
across all languages but may be suboptimal for individual targets where a strong bilingual pairing exists.

G.3 Quality Assurance Considerations
Error analysis reveals systematic performance patterns across POS classes. Content words (ADJ, ADV,
PRON) show the largest improvements with neural methods, with F1-score gains exceeding 25 percentage
points for adjectives and adverbs. Function words (ADP, CCONJ) maintain consistently high performance
(>90% F1) across all methods, suggesting reliable baseline capabilities. For production deployment, we
recommend implementing class-specific validation protocols, particularly for content word categories
where traditional methods show substantial limitations (ADJ: 54.12% F1 with UDPipe vs. 79.75% with
fine-tuned models).

G.4 Resource Allocation Strategy
Based on performance variance analysis, trilingual CLTF provides the most stable results across cells
(sample SD = 1.31 percentage points, CV ≈ 0.015), whereas traditional methods show high variability
(sample SD ≈ 13.0 percentage points across cells). For multi-language digital humanities projects,
trilingual CLTF training followed by language-specific evaluation provides robust performance with
predictable resource requirements. However, when the goal is to maximize accuracy for a specific target
language, practitioners should evaluate bilingual pairings with genealogically proximate languages before
defaulting to trilingual training.
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Dataset High Resources Limited Resources

NAF (Medieval Occitan) Trilingual CLTF (89.68% acc.) Few-shot Prompting (75.01% acc.)
CAT (Medieval Catalan) Fine-tuning (92.52% acc.) Few-shot Prompting (83.69% acc.)
Chauliac (Medieval French) Bilingual CAT+FR (93.14% acc.) UDPipe (89.40% acc.)

Table 13: Method selection by dataset and computational constraints.
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