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Abstract

This paper presents a novel task of extract-
ing low-resourced and noisy Latin fragments
from mixed-language historical documents
with varied layouts. We benchmark and
evaluate the performance of large founda-
tion models against a multimodal dataset of
724 annotated pages. The results demon-
strate that reliable Latin detection with con-
temporary zero-shot models is achievable, yet
these models lack a functional comprehension
of Latin. This study establishes a compre-
hensive baseline for processing Latin within
mixed-language corpora, supporting quantita-
tive analysis in intellectual history and histor-
ical linguistics. Both the dataset and code are
available at https://github.com/COMHIS/
EACL26-detect-latin.

1 Introduction

Accurate language identification at a granular level
within historical documents is a key component
to the study of the early modern period at scale.
Latin, as the primary written language of Western
Europe for more than a millennium, has a unique
position, gradually ceding to vernaculars at varying
paces across regions and genres (Marjanen et al.,
2025). Throughout this transition, Latin fragments
frequently appeared within predominantly vernacu-
lar texts, in quotations, specialist terminology, and
instances of code-switching. Automated extraction
of diverse Latin uses in context from historical cor-
pora is crucial to studying language evolution, the
interplay between classical and modern thought,
and the dissemination of ideas (Sprugnoli et al.,
2024; Gorovaia et al., 2024; Perrone et al., 2021;
Burns et al., 2021). The underlying research inter-
est behind this paper is thus to enable quantitative,
fragment-level measurement of Latin’s presence
in 18th-century British print, so historians and lin-
guists can trace vernacularization across time and

*These authors contributed equally.

genres. However, this task poses challenges due
to wide variations in Latin usage, scripts, complex
page layouts, and inconsistent print and scan qual-
ity in historical book databases.

This study focuses on detecting instances of
Latin within the Eighteenth Century Collection On-
line (ECCO) (Tolonen et al., 2022) corpus using
both book page images and the corresponding text
extracted by Optical Character Recognition (OCR).
The lack of an existing dataset specifically designed
for multimodal and code-mixed Latin detection mo-
tivated us to create an annotated dataset for this
purpose. Our dataset contains 724 pages sampled
from historical documents, validated by special-
ists in 18th-century publishing culture to represent
diverse use cases, with our novel, fine-grained ty-
pology of 12 categories. In future work at ECCO
scale, our focus on reliable detection and page-level
quantification will support temporal trend analyses
(e.g., decade-by-decade decline, genre-specific per-
sistence, bilingual presentation with English gloss-
ing) and reconstructing the footprint of learned
discourse in print culture. While we focus on Latin
due to its aforementioned importance for historical
study, our fully benchmarked, manually annotated
scenario provides a solid template for extending
the method to other languages as well.

Given all the complex nature of the task, we ex-
plore the capabilities of modern Large Language
Models (LLMs), including multimodal models
(MLLMs) for this task. The way these models
handle contextual information, recognize patterns
in noisy data, and integrate textual cues with vi-
sual layout information has been found to help
disambiguate text and languages in historical docu-
ments (Luo et al., 2024; Boros et al., 2024; Kanerva
et al., 2025; Xie et al., 2025) compared to tradi-
tional Natural Language Processing (NLP) meth-
ods. Our investigation exploits the new dataset to
test a number of state-of-the-art models and finds
that reliable Latin detection in such challenging his-
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torical material is achievable. The benchmarking
of different model architectures provides insight
into their strengths and weaknesses when faced
with the complexities inherent in the data. This
work establishes a strong baseline for a novel NLP
task and highlights the need for more modality and
semantic-aware approaches, as well as robust eval-
uation frameworks in historical text analysis.

The main contributions of this article are:

• Defining the novel multimodal task of Latin
detection in historical documents.

• Creating a new benchmark dataset of diverse
Latin usage in 18th-century books.

• Developing a robust evaluation framework tai-
lored to the multimodal challenges of the task.

• Providing a practical Latin detection pipeline
that enables large-scale downstream applica-
tions in historical research.

• Systematically benchmarking contemporary
LLMs for this task.

2 Problem Definition

We define the task of Latin language detection in
historical documents as a two-stage classification
and extraction problem, where the input consists of
a scanned page image and/or its OCR transcription.
The task is to automatically detect whether any
segments in the text are written in Latin, and if so,
to extract text of those specific segments.

Formally, given a document page D, let ID de-
note its image and TD denote its OCR-processed
text. A system must perform the following two
subtasks:

• Task 1 (Page-level Latin Detection): Predict
a binary label yD ∈ {0, 1}, where yD = 1
indicates that the page contains at least one
segment in Latin, and yD = 0 otherwise.

• Task 2 (Latin Segment Extraction): If
yD = 1, extract a list of text spans SD =
[s1, s2, . . . , sn], where each si ∈ TD is a con-
tiguous Latin segment string.

We structure our problem into two tasks for a
more comprehensive evaluation. The core chal-
lenge, Task 2, is the fine-grained extraction of Latin
text segments, evaluated using per-page token pre-
cision and recall. Since these metrics inadequately
handle pages with no Latin, we introduce Task 1,
a page-level binary classification, to assess perfor-
mance on these non-Latin instances specifically.
We require extracted segments as strings rather

than image regions, as this output format better
aligns with the capabilities of most MLLMs and
enables a simpler, more direct comparison across
different input modalities. Detailed definitions of
our metrics are provided in Section 5.

3 Related work
Latin in NLP Given its historical importance,
Latin has attracted considerable attention within
the NLP community (e.g., Sprugnoli et al., 2024;
Schulz and Keller, 2016; Gorovaia et al., 2024; Per-
rone et al., 2021; Burns et al., 2021), though much
of this research has centered on small, clean cor-
pora of ancient literary texts. While some recent
studies have ventured into Early Modern mixed-
language documents (Stüssi and Ströbel, 2024;
Volk et al., 2024), these also predominantly rely
on manually curated and annotated data. In con-
trast, our work focuses on the foundational task
of Latin discovery: detecting Latin within exten-
sive, unedited, and noisy digitized collections like
ECCO (Tolonen et al., 2022). This computational
approach aims to detect Latin in a vast corpora,
while the identified fragments can subsequently be
analyzed using a range of established NLP tools
developed for classical languages (Johnson et al.,
2021; Burns, 2023; Straka and Straková, 2020; Ku-
pari et al., 2024).
Code-mixed Language Detection From a
methodology perspective, identifying Latin seg-
ments within historical publications is a code-
mixed language detection task (Aguilar et al.,
2020). While extensive research in this area has
focused on contemporary informal texts (Barman
et al., 2014; Zhang et al., 2018), its application to
historical documents, with challenges like archaic
syntax, lexicon, and spelling, has been less ex-
plored (Schulz and Keller, 2016; Volk et al., 2022).
Detecting classical languages in these complex
historical contexts has traditionally involved rule-
based systems and supervised machine learning
approaches, notably Conditional Random Fields
(CRFs) (Schulz and Keller, 2016; Sterner and
Teufel, 2023; Volk et al., 2022). Alongside these,
robust statistical tools like Lingua (Stahl, 2021) of-
fer effective general language identification with
support for mixed language. Given the recognized
potential of modern LLMs to navigate linguistic
nuances and noisy data, our work investigates their
capacity to enhance detection performance.
LLMs for Historical Documents Recent LLMs,
particularly Multimodal variants (MLLMs), have
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Figure 1: An example of an annotated Latin fragment
and surrounding context.

shown considerable potential in historical docu-
ment analysis, demonstrating top performance in
tasks like OCR, named entity recognition, and
general document understanding from historical
sources (Bai et al., 2025; Luo et al., 2024; Boros
et al., 2024; Kanerva et al., 2025; Backer and Hy-
man, 2025; Xie et al., 2025), and in assessing gen-
eral historical knowledge (Hauser et al., 2024). De-
spite these advancements, a significant gap per-
sists for more specialized, complex applications.
Specifically, there is a notable lack of dedicated
benchmarks and systematic exploration for the fine-
grained, page-level multimodal detection and ex-
traction of embedded secondary languages (e.g.,
Latin) (Aguilar et al., 2020; Guzmán et al., 2017).
This task is demanding due to noisy scans from his-
torical archives, diachronic language context, and
orthographic variation (Volk et al., 2022). Our work
contributes to this underexplored area by introduc-
ing a systematic evaluation methodology designed
to be scalable also to other languages.

4 Dataset

4.1 Sampling and Annotations

Our approach to dataset construction began with a
targeted sampling strategy to identify pages with
a high likelihood of containing Latin text. We
queried the Reception Reader database (Rosson
et al., 2023), which indexed text reuses across the
ECCO corpus using noise-resistant detection meth-
ods. From this, we randomly selected 800 reuse
instances where one book was cataloged as Latin
and the other as non-Latin. To ensure broad repre-
sentation and reflect the diversity of the ECCO col-

lection (approximately 200,000 books), each sam-
pled page was drawn from a different book, cover-
ing varied publication dates and topics. However,
ECCO’s language metadata is book-level, meaning
that “Latin” books often contain significant non-
Latin text like English introductions. Also, the
reuse offsets only mark the textual overlap without
specifying the language of the text segment.

These pages were then manually annotated. An-
notators were tasked with drawing bounding boxes
around all Latin fragments on the page images (see
example in Figure 1). These visual annotations
are later reliably mapped to text offsets (locations
within a string) using ECCO’s OCR positional data
for ground truth text extraction. Our annotation
guidelines stated marking all instances of Latin
text semantically used as Latin. This included sin-
gle Latin words if presented with explanations in
a dictionary, as well as Latin found in headlines,
editorial annotations, or footnotes.

The annotation environment was Label Stu-
dio (Tkachenko et al., 2020-2025). The primary
annotation was performed by three scholars famil-
iar with Latin. Following this, an expert in his-
torical texts meticulously reviewed and validated
all annotations to ensure accuracy and consistency.
During the process, the annotators veto the pages
with incompletely OCR-transcribed regions.

4.2 Dataset Characteristics
In total, 724 pages were annotated, with 594 identi-
fied as containing Latin. An expected finding dur-
ing annotation was the frequent presence of other
languages, such as French, German, and Greek,
highlighting the dataset’s challenging multilingual
nature beyond simple Latin-English code-mixing.

To contextualize model performance and to bet-
ter understand the dataset’s composition, we di-
vided the annotated Latin segments into 12 lan-
guage integration categories. Each category rep-
resents a specific way in which Latin is used in
18th-century British books and how it relates to
English-language text. Depending on their content,
all Latin text segments were assigned to one or
multiple categories, with some frequently appear-
ing together (e.g., footnotes and code-switching),
while others are mostly exclusive (e.g., bilingual).
This novel categorization enables a fine-grained
analysis of both historical linguistic practices and
the performance of our Latin detection approach
within different contexts of language integration.

Table 1 shows all the categories and the fre-
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Category Count
1. Direct Quote 258
2. Independent 196
3. Footnote 191
4. Code-switching 100
5. Bilingual 55
6. Emblematic 34
7. Indices and Catalogs 30
8. Legal 30
9. Ecclesiastical 23

10. Tables and Charts 11
11. Dictionary 9
12. Side-note 8

Table 1: Page counts by Latin segment category.

quency of each annotation category within our
dataset. The full definitions of 12 categories are
listed in Appendix A.1, and categorized segment
examples are shown in Appendix A.2.

5 Evaluation Setting

5.1 OCR Post-Correction and Normalization

Evaluating models on the ECCO corpus is com-
plicated by significant OCR quality discrepancies:
modern models with vision capabilities often pro-
duce cleaner text than ECCO’s original OCR, while
text-based models may or may not replicate the
noise in their input. Such differences make di-
rect string-based comparisons problematic and dis-
tort evaluation. To ensure meaningful assessment
across all model types, we post-correct both the
ground-truth Latin segments and the full input page
texts. This OCR post-correction is performed using
the OpenAI o1 model (Jaech et al., 2024) with a
specialized prompt from (Kanerva et al., 2025).

Even after the post-correction, residual noise and
other variation still remain in the data. Thus, for
token-based evaluation, we apply a more traditional
rule-based preprocessing pipeline to both predicted
and reference strings. This deterministic pipeline,
informed by our extensive experience with OCR
data and domain-specific knowledge, targets com-
mon superficial textual variations and ensures a fair
alignment. The pipeline includes Unicode normal-
ization, ligature replacement, lowercasing, digit
removal, de-hyphenation, and punctuation strip-
ping. Subsequent to these cleaning operations, the
strings are tokenized into word-level units. More
details on the processing steps are presented in Ap-
pendix B.1.

5.2 Metrics

The goal of Task 1 is to detect whether a page has
Latin on it. We measure this by reporting precision,
recall, and F1 score in percentage, along with the
F1 score for non-Latin pages to ensure balanced
evaluation. To evaluate the Latin segment extrac-
tion performance in Task 2, we calculate precision,
recall, and F1 score in percentage based on token-
level matches between model predictions and the
ground truth of the page. A fuzzy matching mech-
anism is applied to pair predicted and reference
tokens one by one. A match is considered valid
if the token-level edit distance is not larger than
a tunable threshold proportion θ compared to the
ground-truth token length. This approach provides
a more flexible and robust evaluation than exact
token matching by tolerating minor textual differ-
ences at the token level, such as lexical variations
and OCR-induced distortions. The pseudocode of
the fuzzy matching algorithm is shown in the Ap-
pendix B.2. Overall metrics are averaged across
the full evaluation set.

6 Latin Extraction Pipeline with LLMs

Our evaluation investigates the application of gen-
eral instruction-following LLMs, particularly mul-
timodal variants, for Latin segment extraction
from historical documents. We propose a unified,
prompt-based pipeline designed to be both practi-
cal for real-world deployment and robust for sys-
tematically and fairly evaluating the capabilities of
diverse LLMs on this task.

Unified Prompting Strategy We employ a min-
imal, high-level instructional prompt designed to
elicit responses that inherently address both sub-
tasks within one simply formatted output. This ap-
proach simplifies interaction with the models and
the subsequent processing of their outputs, thereby
contributing to the overall ease of application.

This unified prompt asks the LLM to extract all
Latin segments to a list, without further instructions.
The distinction in our experiments lies solely in the
input provided to this consistent prompt, where the
specific prompts are shown in the Appendix C:

• Text-only: The OCR-extracted and post-
corrected text, appended to the prompt.

• Image-only: The page image, with the
prompt guiding it to the visual signal.

• Multimodal: Both the scanned page image
and the corrected OCR text are included.
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Structured Output and Postprocessing The
LLMs are instructed to output their predictions as a
list of Latin segments, which directly corresponds
to the output requirement for Task 2. The presence
of a non-empty list implicitly indicates the pres-
ence of Latin script on the page (Task 1, yD = 1),
while an empty list indicates its absence (yD = 0).
Model-Agnostic Compatibility Because the
method does not rely on any model-specific ar-
chitecture or training, it can be directly applied to a
wide range of general-purpose foundation language
models. This makes the approach particularly suit-
able for scalable deployment across large historical
corpora with variable OCR quality and image-text
alignment conditions.

7 Experiments

7.1 Experiment Setup
Model Selection To explore how modern
instruction-tuned language models handle the new
task of Latin segment detection and extraction in
noisy multimodal historical documents, we bench-
mark a representative suite of LLMs across modali-
ties, scales, and architectures. The model selection
follows three guiding principles: (i) in the absence
of dedicated multimodal benchmarks for historical
language understanding in documents, we refer to
leaderboard performance on DocVQA (Tito et al.,
2021) and comprehensive open evaluations such as
OpenCompass (Contributors, 2023) and MMMU
(Yue et al., 2024); (ii) we prioritize lightweight to
medium-scale models (7B-72B) to better reflect
realistic research use cases in historical academic
and limited-resource scenarios. Specifically, the
selected models include:

• GPT-4.1 (Achiam et al., 2023): proprietary
frontier MLLM accessed via the OpenAI API,
included as a strong reference point for the
performance without explicit thinking mode.

• Qwen2.5-VL series (72B, 32B, 7B) (Bai
et al., 2025): open-source flagship MLLMs
with strong document understanding and vi-
sual grounding. We include both Vision-
Language and text-only instruction-tuned vari-
ants to disentangle the multimodal inputs.

• Qwen3 series (235B-A22B, 30B-A3B, 32B,
14B, 4B) (Team, 2025): latest generation of
Qwen text models with redesigned architec-
ture and built-in thinking mode. We evalu-
ate them to probe how reasoning-augmented
LLMs transfer to the historical language task.

• DeepSeek-R1 variants (original and distilled)
(Guo et al., 2025): pioneering reasoning-
centric LLMs. We use the original large R1
to gauge frontier open-source LLMs, and dis-
tilled versions (based on Llama-3.3-70B and
Qwen2.5-32B) to examine transfer of reason-
ing signals into smaller models.

• InternVL3 series (38B, 14B, 8B) (Zhu et al.,
2025): top academic MLLMs with a two-
stage visual encoder integrated into a trans-
former backbone.

• Gemma3 (27B) (Team et al., 2025): new
open-source MLLM from Google, optimized
for efficiency and multilingual capability.

Baseline We employ Lingua (Stahl, 2021), a
statistical language identifier based on character
n-gram modelling, and the only off-the-shelf tool
we found that supports token-level Latin detection
in mixed-language text. While not designed for
noisy OCR, it offers a practical baseline to contex-
tualize the difficulty of our task and the potential ad-
vantages and drawbacks of LLM-based approaches.
The configuration details are in Appendix D.

Implementation Details All models except GPT-
4.1 are run on the supercomputer’s AMD MI250X
GPU nodes via the local vLLM (Kwon et al., 2023)
server, using a maximum batch size of 16 with asyn-
chronous requests and a Ray backend. Depending
on model size, we allocate 1–6 nodes, totalling
about 8 GPU hours per model on average. We use
deterministic generation with a temperature set to
0 and a fixed seed to ensure reproducibility. We
limit the output token length to 20k tokens. For
models supporting thinking mode, we additionally
enforce a thinking budget of 15k tokens to prevent
looped or unbounded reasoning traces. The edit-
distance threshold θ is set to 0.2 based on empirical
evidence, discussed further in the Appendix E.3.

7.2 Model Results and Analysis

Table 2 presents the overall results on the two tasks.
The traditional Lingua baseline remains competi-
tive but is consistently surpassed by recent foun-
dation models. Notably, several large open-source
LLMs such as DeepSeek-R1 and Qwen3 not only
outperform Lingua but also exceed multimodal
GPT-4.1 across both tasks, highlighting the rapid
progress of open-source development. The differ-
ent strengths of DeepSeek and Qwen2.5-VL also
reveal trade-offs between tasks and metrics, sug-
gesting that thinking trace may shift error profiles.
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MODEL DETAILS PAGE-LEVEL (TASK 1) TOKEN-LEVEL (TASK 2)
Model Variant Size Mode F1 Precision Recall NL. F1 F1 Precision Recall

Lingua - - T 92.58 86.32 99.83 43.11 77.14 77.31 80.07

GPT-4.1 - - I+T 96.03 92.51 99.83 77.00 84.59 88.49 83.54

Deepseek-R1
- 671B T 97.53 95.34 99.83 87.07 87.00 89.69 86.17

Distill-Llama 70B T 96.18 92.94 99.66 78.34 84.26 87.81 83.62

Distill-Qwen 32B T 95.35 92.55 98.32 74.44 82.84 86.14 82.66

Qwen3

MoE-A22B 235B T 96.90 94.13 99.83 80.52 86.54 89.16 86.00

MoE-A3B 30B T 95.90 93.45 98.48 78.07 84.29 87.29 83.73

- 32B T 95.39 93.25 97.64 75.86 84.07 86.46 83.98

- 14B T 96.61 94.96 98.32 82.85 84.78 88.10 83.71

- 4B T 88.45 87.36 89.56 43.27 75.38 76.30 77.20

Qwen2.5

VL 72B I+T 98.58 98.16 98.99 93.33 83.87 86.98 82.74
VL 72B I 98.82 98.66 98.99 94.57 80.00 82.36 79.72
- 72B T 97.85 100.00 95.79 91.23 80.95 85.31 79.33

VL 32B I+T 96.18 92.94 99.66 78.34 84.32 86.90 83.99
VL 32B I 96.80 94.40 99.33 82.97 79.82 82.64 79.18
- 32B T 97.26 99.13 95.45 88.65 81.57 84.46 80.99

VL 7B I+T 88.36 82.89 94.61 15.91 72.41 78.62 72.23
VL 7B I 95.75 96.74 94.78 81.62 71.42 76.99 70.39
- 7B T 91.86 92.49 91.25 64.18 60.52 65.78 64.57

InternVL3

- 38B I+T 95.62 92.32 99.16 75.00 84.24 84.43 86.67
- 38B I 89.51 87.22 91.92 43.86 56.53 61.11 55.61

- 14B I+T 94.28 90.42 98.48 65.70 81.36 82.63 83.87
- 14B I 90.16 87.86 92.59 47.37 53.51 56.46 55.08

- 8B I+T 90.54 86.39 95.12 41.00 69.04 65.87 82.10
- 8B I 90.82 88.50 93.27 50.88 60.22 60.30 65.63

Gemma3
- 27B I+T 90.77 83.57 99.33 18.92 82.50 84.00 84.79
- 27B I 88.42 82.60 95.12 12.94 60.03 62.78 61.68
- 27B T 94.22 90.03 98.82 64.36 83.79 86.09 84.20

Table 2: Experimental results on selected LLMs, compared with Lingua baseline. “NL. F1” denotes the F1 score
for identifying Non-Latin pages. “I” and “T” indicate image and text input separately.

Vision-language models further demonstrate the po-
tential benefit of multimodal input for OCR-heavy
tasks, though vision-only settings remain challeng-
ing. Overall, the open-source LLMs with thinking
mode now define the frontier for this task. Future
MLLMs are expected to feature more deeply inte-
grated reasoning capabilities.

Model scale is a key driver of performance, par-
ticularly within the same model family. Larger
models have been shown to more effectively mem-
orize and generalize low-resource language phe-
nomena, consistent with neural scaling laws (Gor-

don et al., 2021; Kaplan et al., 2020). However,
scale alone does not guarantee superior results. Our
findings not only indicate some performance satu-
ration among larger models (above 30B), but also
highlight the potential of thinking-enabled models,
where even relatively small Qwen3 variants cap-
ture sufficient knowledge to rival or surpass much
larger counterparts, thanks to explicit reasoning
traces. Besides the thinking mode, architectural
and multimodal training strategies play a central
role. For instance, Qwen3-A22B and A3B exploit a
Mixture-of-Experts (MoE) design to combine high
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Figure 2: Macro token recall statistics on different category labels for 5 top-performing models. Qwen2.5 models
are all with 32B parameters. The number of page instances with each label tagged is shown in parentheses. Values
in the legend indicate each model’s token precision from Table 2 to provide complementary performance context.

reasoning efficiency with strong accuracy. Like-
wise, when comparing Qwen2.5-VL-7B against
InternVL3-8B, which shares the same language
model backbone, the Qwen variant proves more
robust on visual signals.

Multimodal inputs (I+T) generally improve per-
formance, but outcomes vary with models. In the
InternVL3 series and Gemma3, performance with
image-only input lags far behind multimodal input
for the same models, reflecting a limited ability to
derive the required information solely from images.
A different, even worse issue arises in Gemma3,
where multimodal fusion degrades performance
compared to text-only, likely due to overreliance
on noisy visual features. By contrast, Qwen2.5-VL
shows superior integration, successfully featuring
a visual-only capability powerful enough to match
text-only performance, and complementing text ro-
bustness with accurate visual cues. These mixed
results underline both the difficulty of historical
OCR and image-based Latin extraction, and the
importance of our dataset for testing multimodal
performance with preprocessed OCR text input.

Finally, we address the issue of robustness in re-
jecting non-Latin pages. Beyond standard detection
metrics, the NL. F1 column reveals a divergence
in model behavior: while detection recall is gener-
ally high, the ability to correctly reject non-Latin
pages varies. This instability is most pronounced
in Gemma3 with image-only input. It corroborates
our earlier observation regarding its weak visual
grounding. Yet, this issue extends beyond a single
model, and we analyze further in Section 7.3.

7.3 Behavior on Non-Latin Pages
To further quantify the over-sensitivity observed in
the main results, we analyzed non-Latin class recall
(for page-level detection) and false positive token
rates (for false Latin segment extraction) as two
additional metrics, shown in Table 3. The analysis
reveals that most models tend to over-detect Latin,
particularly the smaller ones. The statistical base-
line Lingua performs poorly, misclassifying over
70% of these pages, which would be a significant
issue for large-scale processing.

More critically, multimodal inputs can over-
whelm smaller models: Qwen2.5-VL-7B suffers
a catastrophic collapse, indicating that overlapped
visual and textual signals cause the model to hallu-
cinate Latin across half the page. Crucially, this is
a failure of fusion rather than perception: when fed
with only images, the same model recovers much
of its rejection capability, confirming that long and
noisy OCR text acts as a distractor that overrides
visual grounding in smaller architectures.

In contrast, the most robust performance comes
from Qwen2.5-32B with text-only input, likely due
to a stronger sensitivity to linguistic context pro-
vided by model scale. However, a promising find-
ing is that even on misclassified pages, the num-
ber of erroneously extracted Latin tokens by the
LLMs is generally small, suggesting that simple
downstream filtering could effectively mitigate this
over-detection problem.

7.4 Performance by Category
Shown as Figure 2, we evaluate model performance
across different functional text categories specified
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MODEL DETAILS PAGE TOKEN

Model Variant Size Mode NL. Recall ↑ FP Rate ↓
Lingua - - T 27.69 2.64

DeepSeek-R1 - 671B T 77.69 0.43

Qwen3 - 4B T 40.77 4.97

Qwen2.5

VL 32B I+T 65.38 2.66
VL 32B I 73.08 2.09
- 32B T 96.15 0.17

VL 7B I+T 10.77 55.54
VL 7B I 85.38 2.97
- 7B T 66.15 10.07

Table 3: Analysis on non-Latin pages: Non-Latin Re-
call in pages and False Positive Rate showing averaged
percentage of tokens falsely identified as Latin on truly
non-Latin pages.

in Section 4.2. As the models are tasked with ex-
traction rather than classification, we measure per-
formance using token-level recall in categorized
segments on each page by the same fuzzy match-
ing process as stated in Section 5.2. There is a large
disparity between category difficulty: the models
yield almost perfect performance for longer text
types like independent and bilingual categories
while struggling with the typically shorter code-
switching, dictionaries, tables and charts, side-
notes, and to a lesser degree with footnotes.

The consistent performance trend across all mod-
els, including the baseline, suggests a shared, sta-
tistically driven behavior that relies on Latin’s vo-
cabulary and paragraph patterns over deep func-
tional semantic understanding. Under this view,
vision’s role is mainly to improve OCR accuracy,
and the explicit thinking only helps invoke more
basic knowledge of Latin. To probe this hypothe-
sis, we designed a more demanding joint extraction
and categorization task (see Appendix E.1 for the
details). The resulting categorized token F1 scores
were exceptionally low: 21.0% for DeepSeek-R1
and 14.6% for Qwen2.5-VL (I+T), which strongly
support our hypothesis. We conclude that this weak
functional understanding, compounded with known
OCR challenges, is a key factor behind the low
extraction recall in certain categories. This conclu-
sion is also partly validated by our prompt engi-
neering experiments in Section 7.5.

7.5 Impact of Prompt Variations

To assess the robustness of our findings, we first
evaluated the performance stability of four repre-
sentative models across six distinct prompt strate-
gies, as summarized in Table 4. We observe a con-
sistent insensitivity to instruction phrasing across
diverse architectures, with minimal Token F1 vari-

Model Variant Size Mode Page F1 Tok. F1

DeepSeek-R1 Distill 70B T 96.28±1.06 84.27±0.20

Qwen3 - 14B T 96.47±1.00 84.42±0.62

Qwen2.5 - 32B T 97.14±0.75 81.89±1.06

Qwen2.5 VL 32B I+T 95.58±1.46 84.44±0.55

VL 32B I 95.72±1.79 79.51±0.79

Table 4: Prompt robustness statistics: performance re-
ported as Mean±Std across 6 prompt strategies.

Figure 3: Impact of prompting on Qwen2.5-VL-32B.

ance (σ < 1.1) and no consistent gains, for both
text-only and multimodal models. This statistical
evidence suggests that extraction capabilities are
largely anchored by the models’ intrinsic domain
knowledge rather than specific prompt engineering.

Focusing on the detailed behavior of the top-
performing Qwen2.5-VL-32B model with multi-
modal input (shown in Figure 3), most strategies
result in only marginal changes, typically a trade-
off between precision and recall, or different tasks,
rather than a definitive improvement. We high-
light the most salient strategies here, with full ta-
bles of all the prompts and results available in Ap-
pendix E.2. For instance, instructing the model
to include “single-word” segments lowered page-
level precision by encouraging over-extraction on
short segments, while negative constraints like “no
borrow” slightly increased token-level precision
through a more conservative behavior by exclud-
ing the borrowed Latin words in other languages.
Most revealingly, the “partial categories” strategy,
directing the model to focus on its known weak
areas, increased token recall but at the cost of a
drop in precision. This indicates the prompt did
not grant the model a deeper functional understand-
ing; instead, it likely encouraged more speculative
guessing in targeted contexts. This outcome rein-
forces our central hypothesis stated in Section 7.4
that the model’s extraction is guided by statistical
patterns rather than a semantic comprehension of
the text’s function.
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Model & Input Page F1 Tok. F1 ∆ Tok. F1

Text-only Models
DeepSeek-R1 96.65 72.26 -14.74w/ Cleaned OCR 97.53 87.00
Qwen3-14B 93.33 67.12 -17.66w/ Cleaned OCR 96.61 84.78
Qwen2.5-32B 96.02 67.48 -14.09w/ Cleaned OCR 97.26 81.57

Vision-Language Models
Qwen2.5-VL-32B 95.38 79.24 -5.08w/ Cleaned OCR 96.18 84.32
InternVL3-38B 93.74 74.56 -9.68w/ Cleaned OCR 95.62 84.24

Image-only Models
Qwen2.5-VL-32B (I) 96.80 79.82 -
InternVL3-38B (I) 89.51 56.53 -

Table 5: Ablation on OCR quality. ∆ Tok. F1 denotes
the token-level F1 change compared to the models with
cleaned OCR text input.

7.6 Impact of OCR Quality
As detailed in Section 5.1, evaluating models on the
ECCO corpus is complicated by significant discrep-
ancies between legacy OCR and modern visual pro-
cessing. To ensure meaningful assessment across
all model types, we employ an OpenAI o1-based
post-correction pipeline (Kanerva et al., 2025).

To quantify the necessity of this normalization,
we conducted an ablation study using raw, uncor-
rected OCR transcripts, shown as Table 5. We
observe that raw OCR creates a noise barrier that
affects all models utilizing text input (including
Vision-Language models fed with OCR text), with
pure text models suffering the most severe degra-
dation (> 14 point drop). Consequently, the per-
formance degrades so severely that text-dependent
models fall behind the best image-only model. This
confirms that raw ECCO OCR constructs an exces-
sive noise barrier that surpasses the detection task
itself. Thus, our post-correction pipeline is not an
o1-assisted “shortcut” for OCR-dependent mod-
els, but a necessary normalization to ensure fair
cross-modal comparison.

7.7 Qualitative Evaluation and Error Analysis
Our qualitative evaluation reveals that LLMs’ per-
formance is primarily limited by two interacting
factors: the inherent challenges of the ECCO data
and the models’ systematic misinterpretations of
the task. These issues set practical limits on upper-
bound scores. See Appendix E.4 for a detailed,
example-oriented discussion.

First, data-centric challenges stem from the
ECCO collection. Poor image quality and complex

page layouts, such as multi-column text, margina-
lia, and varied fonts (see Figures 4 and 5 in Ap-
pendix A.2), result in noisy and fragmented OCR,
even after post-correction. This degradation di-
rectly impacts model performance and hampers
reliable annotation, especially for the brief Latin
snippets found in challenging categories like dic-
tionaries or footnotes, which are more susceptible
to severe OCR errors (see Figure 7).

Second, we observe model-centric challenges.
Models appear to rely on vocabulary and paragraph
patterns over a deep functional understanding, lead-
ing to poor performance on short fragments and
on words English loaned from Latin. This results
in a consistent definitional mismatch with our an-
notation guidelines: models frequently misidentify
Roman named entities, common anglicized Latin
phrases (e.g., “e.g.”, “etc.”, etc.), and Latin-derived
jargon as Latin, which significantly harms precision
(see Figure 8). In many instances, this definitional
disagreement accounts for the entirety of the pre-
diction error, suggesting that model precision could
be theoretically stronger with minor adjustments
to the task definition in prompting, a behavior also
empirically observed during our prompt tuning ex-
periments, e.g., “no borrow” strategy (Section 7.5).

8 Conclusion

This paper introduced and benchmarked the novel
task of zero-shot Latin discovery in historical doc-
uments. Our analysis demonstrates that this task
is solvable with excellent performance of LLMs
without task-specific fine-tuning. However, our key
finding is that this success appears to stem not from
deep functional semantic understanding, but from
the models’ ability to leverage more superficial sta-
tistical cues like vocabulary and text patterns, a
behavior similar to traditional methods. This may
limit the current models’ approach to more nuanced
historical tasks, suggesting that foundation models
cannot replace human interpretative expertise.

A particular implication of our work is the high
performance of image-only models (up to approxi-
mately 99% page-level F1), which enables an effi-
cient two-stage approach for processing vast non-
OCR archives. This capability may effectively
unlock the “dark archives” of digitized heritage.
Building on these, our future work will focus on
applying our pipeline to the entire ECCO collection
and extending the methodology to other corpora,
such as the French BnF’s collection.

5313



Limitations

Our findings rely on a single corpus (18th-century
British ECCO). While this aligns with our research
scope, corpus-specific biases may limit generaliz-
ability, necessitating future validation on diverse
collections, such as Romance-language texts. Ad-
ditionally, due to the high cost of annotation, we
lacked a separate validation set for hyperparam-
eter tuning. Model selection relied on literature
baselines rather than independent optimization.

Computational constraints limited us to sin-
gle experimental runs with deterministic settings.
While ensuring reproducibility, this approach does
not capture the potential variance inherent in
stochastic generation. Finally, this study bench-
marks off-the-shelf models in a zero-shot set-
ting. We acknowledge that task-specific fine-tuning
would likely yield higher performance ceilings.
Moreover, such experiments would be invaluable
for identifying the most persistent challenges of
the task that remain even after direct, task-specific
training—perhaps related to deep functional se-
mantic understanding of Latin—thereby providing
crucial insights for future model development. Our
newly created dataset provides the first dedicated
resource to enable this line of inquiry.

Ethical Considerations

The underlying literary works from which our
dataset is derived, sourced from 18th-century texts
within the Eighteenth Century Collections Online
(ECCO), are in the public domain. The compila-
tion and sharing of our dataset, which comprises
annotated excerpts and portions of page images
from this collection, are conducted for research
purposes under the permissions granted. We are
committed to ensuring that the creation and dissem-
ination of this dataset adhere to relevant copyright
considerations and ethical guidelines.

We used ChatGPT and Gemini for grammar and
spell-checking and stylistic polishing of the draft
of this manuscript. All suggestions were critically
reviewed and edited by the authors to ensure factual
accuracy and originality.
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A Segment Categories in Dataset

A.1 Categories of Latin Usage

We identified and annotated the following 12 cat-
egories of Latin usage found in the 18th-century
documents:

1. Bilingual Editions (Latin/English): Original
Latin text and its English translation right next
to it.

2. Independent Latin Text: Original Latin text
by the author, sometimes accompanied by En-
glish text on the same page.

3. Direct Quotations in Latin: Latin phrases
or sentences that are quoted verbatim, often
within an otherwise predominantly English
text.

4. Code Switching: Text where the writer alter-
nates between Latin and English within the
same text, often for stylistic or rhetorical pur-
poses.

5. Dictionaries: Latin text appears in a dictionary
like context, for example, with entries that de-
fine individual Latin words, often with trans-
lations or explanations in another language.

6. Footnotes: Latin text appears in annotations
or footnotes, often providing definitions or
explanations for Latin words or phrases used
in the main text.

7. Emblematic quotes: Latin phrases or sen-
tences are used as symbolic or thematic el-
ements, often serving as mottos, epigraphs, or
maxims. Typically, set apart from the main
text, such as at the beginning of chapters, sec-
tions, or works.

8. Sidenotes: Printed or authorial notes placed
in the margins or alongside the main text.

9. Legal Formulae: Standardized Latin phrases
used in legal contexts.

10. Ecclesiastical Formulae: Standardized Latin
expressions used in religious or ecclesiastical
contexts.

11. Tables and Charts: Use of Latin in tabular data,
genealogies, calendars, scientific diagrams, in-
flection tables, or mathematical charts.

12. Indexes and Catalogs: Use of Latin in struc-
tured lists such as indices, bibliographies, or
library catalogs.

A.2 Category Illustrations
Figures 4 and 5 show examples of Latin text cate-
gories. Both figures feature independent Latin text
in the main text box at the top of the pages and
footnotes at the bottom. Figure 4 is a bilingual
edition of a Latin text, with an English translation
directly below the Latin text at the top of the page.
The footnotes in Figure 5 also include instances of
code-switching and direct quotations of Latin text.

Figure 4: An example page with Latin fragments.

B Evaluation Setting Details

B.1 Preprocessing
This section details the text preprocessing pipeline
for evaluation, implemented in Python, to normal-
ize both ground truth and predicted text strings
before unigram token extraction. The primary goal
of this pipeline is to standardize textual representa-
tions, thereby mitigating the impact of superficial
variations (e.g., from OCR noise or stylistic differ-
ences) on downstream metrics calculation. Note,
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Figure 5: An example page with Latin fragments.

that this applies to the evaluation step only, while
Latin extracting models take an input text without
these steps.

For each text string, the following sequential
operations are performed:

1. Unicode Normalization: Each string un-
dergoes Unicode normalization using the
normalize with “NFKD” method from
Python’s built-in unicodedata module. This
step decomposes characters into their canon-
ical forms, for example, separating accents
from base characters, which helps in standard-
izing character representation.

2. Ligature Replacement: A predefined set of
common ligatures is replaced with their con-
stituent characters. Examples of replacements
include ‘ff’ to ff, ‘æ’ to ae, and importantly
for some historical contexts, ‘&’ to et.

3. Lowercasing: All alphabetic characters in the
string are converted to lowercase.

4. Digit Removal: All sequences of digits are
removed from the string to avoid prediction
ambiguity on digits, e.g., OCR digits in foot-
note notations.

5. De-hyphenation (Word Merging): This step
addresses common OCR inconsistencies in
handling end-of-line hyphens from historical
documents. To ensure textual uniformity for
subsequent analysis, word segments that were
hyphenated, typically due to line breaks in the
original source, are consistently merged into
single tokens.

6. Punctuation Stripping: All standard punc-
tuation marks, as defined by Python’s
string.punctuation constant, are removed
from the string.

7. Word Tokenization: After the above clean-
ing steps, each processed sequence is tok-
enized into a list of individual words using
the word_tokenize function from the NLTK
library (nltk.tokenize, version 3.9.1).

B.2 Fuzzy Matching Algorithm in Token-level
Metrics

To evaluate segment correspondence, we apply a
fuzzy matching algorithm to compare lists of pre-
processed ground truth tokens against predicted
tokens for each sample. This approach calculates
Precision, Recall, and F1 score while being robust
to minor textual variations. The core matching
logic is outlined in Algorithm 1.

The algorithm performs a greedy, one-to-one
fuzzy match: each predicted token is compared
against available ground truth tokens using a match
indicator function (IsFuzzyMatch) based on edit
distance and a predefined proportion threshold θ. A
match only holds when the edit distance is less than
or equal to θ proportion of the length of the ground
truth token string. A ground truth token can only
be matched once to ensure an accurate count of
distinct true positive matches. This fuzzy approach
is beneficial as it offers robustness to minor textual
variations that may persist even after preprocessing,
leading to a more meaningful evaluation of segment
correspondence.

C Main Prompt Details

This section details the exact prompt templates em-
ployed to instruct the LLMs for the main experi-
ment of Latin script detection and extraction. The
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Algorithm 1 Fuzzy Matching and Token Metrics Output

1: procedure CALCULATEFUZZYMETRICS(GT_Tokens, Pred_Tokens, θ)
2: ▷ Input: GT_Tokens, Pred_Tokens (lists of preprocessed tokens)
3: ▷ θ (edit distance ratio threshold for a match)
4: ▷ Output: Precision, Recall, F1 score
5: TP ← 0
6: matched_gt_indices← ∅
7: for each pred_token in Pred_Tokens do
8: for each gt_token in GT_Tokens (with index gt_idx) do
9: if gt_idx ∈ matched_gt_indices then continue

10: end if
11: if ISFUZZYMATCH(gt_token, pred_token, θ) then
12: TP ← TP + 1
13: Add gt_idx to matched_gt_indices
14: break ▷ Current pred_token matched
15: end if
16: end for
17: end for
18: FP ← length(Pred_Tokens)− TP
19: FN ← length(GT_Tokens)− TP
20: Precision← TP/(TP + FP )
21: Recall← TP/(TP + FN)
22: F1← 2× (Precision×Recall)/(Precision+Recall)
23: return Precision,Recall, F1
24: end procedure

prompts were adapted based on the input modality
being used. In the templates below, the placeholder
{page_text} indicates where the OCR output cor-
responding to the processed page image was dy-
namically inserted.

Image + Text

Identify and extract all segments
written in Latin (e.g., Classical
or Medieval Latin) from the
provided image, using the
accompanying OCR text as a
reference. Return the results as
a list of strings in the JSON
format: [“text1”, “text2”, ...].

OCR Text: {page_text}

Image-only

Identify and extract all segments
written in Latin (e.g., Classical
or Medieval Latin) from the
provided image. Return the
results as a list of strings
in the JSON format: [“text1”,
“text2”, ...].

Text-only

Identify and extract all segments
written in Latin (e.g., Classical
or Medieval Latin) from the OCR
text of an image. Return the
results as a list of strings
in the JSON format: [“text1”,
“text2”, ...].

OCR Text: {page_text}

D Configuration of Baseline

For comparative language identification, we em-
ployed Lingua (version 2.1.0) (Stahl, 2021) as
a baseline. The LanguageDetector was specifi-
cally configured to operate with a predefined re-
stricted set of eight languages: English, French,
German, Greek, Italian, Spanish, Portuguese, and
Latin. This selection aims to encompass Latin it-
self and a set of the most frequently occurring lan-
guages within our target corpus ECCO (English,
French, German, and Greek), while also including
languages present in ECCO that share orthographic
or lexical similarities with Latin (Italian, Spanish,
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and Portuguese). Including these similar languages
was intended to create a more global and robust test
scenario for accurate Latin identification in ECCO.

In our pipeline, Lingua’s function to de-
tect multiple languages within a given text
(detect_multiple_languages_of method) was
utilized on each page’s OCR output. From the re-
sulting language segments identified by Lingua,
only those substrings classified as Latin were sub-
sequently extracted for our analysis and evaluation.

E Additional Results

E.1 Categorization Task Results
This section details the design and results of our
complementary joint extraction and categorization
experiment stated in Section 7.4, a more demand-
ing task created to assess the models’ deeper, func-
tional understanding of text. The following sub-
sections are structured to first outline the task’s
setup, including the specific prompt and the eval-
uation protocol. Following this methodological
overview, we will present and analyze the detailed
performance of the top models to highlight their
capabilities and limitations on this challenge.

Task Design To move beyond simple Latin text
retrieval and directly assess the models’ ability to
comprehend the functional role of Latin segments,
we designed a more challenging joint extraction
and categorization task. In this task, a model is
required not only to identify and extract all Latin
text from a given page but also to simultaneously
assign each extracted segment to one of twelve pre-
defined functional categories. The required output
is a structured JSON object where keys correspond
to the predefined category names and the values
are lists of text segments assigned to each category.
This task design compels the model to make ex-
plicit judgments about the semantic and contextual
purpose of the text, thereby providing a clearer sig-
nal of its deeper comprehension abilities than a
simple extraction task would require.

Task Prompt and Evaluation Methodology
The core prompt for the joint task is slightly
adapted based on the model’s input modality (e.g.,
text-only, image-only, or multimodal). The version
shown below is for the multimodal (I+T) setting:

Identify and extract all segments
written in Latin (e.g., Classical
or Medieval Latin) from the
provided image.

After extracting all the Latin
segments, assign each to one or
some of the following categories:

- Bilingual: Original Latin text
with its English translation
immediately following.

- Independent: Standalone Latin
text by the author, possibly
with adjacent English.

- Direct Quote: Latin text quoted
verbatim within primarily
English content.

- Code-switching: Alternation
between Latin and English
within the same passage.

- Dictionary: Latin entries in
dictionary-style definitions
or explanations.

- Footnote: Latin in annotations
or footnotes clarifying main
text.

- Emblematic: Latin used as
mottos, epigraphs, or thematic
standalone phrases.

- Side-note: Marginal notes or
annotations in Latin beside
main text.

- Legal: Standard Latin phrases
used in legal contexts.

- Ecclesiastical: Standard Latin
phrases used in religious
contexts.

- Tables and Charts: Latin in
tables, charts, genealogies,
calendars, scientific or
inflection data.

- Indices and Catalogs: Latin in
lists, indices, bibliographies,
or catalog entries.

Return a JSON object mapping
each category to a list of Latin
text segments, using exactly
this format (no extra text or
modifications): {“Bilingual”:
[...], “Independent”: [...],
“Direct Quote”: [...],
“Code-switching”: [...],
“Dictionary”: [...], “Footnote”:
[...], “Emblematic”: [...],
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“Side-note”: [...], “Legal”:
[...], “Ecclesiastical”: [...],
“Tables and Charts”: [...],
“Indices and Catalogs”: [...]}

If a category has no results,
include it with an empty list.

OCR Text: {page_text}

Evaluation for this joint task is performed on
a per-category basis. For each of the twelve cat-
egories, the list of text segments returned by the
model under that category’s key in the JSON out-
put is treated as the predicted set. This set is then
compared against the ground-truth list of segments
annotated for that same category.

Precision, Recall, and F1 scores are then cal-
culated at the token level for each category inde-
pendently, using the same fuzzy matching process
described in Section 5.2. The final Macro F1 score,
reported in Table 6, is the unweighted arithmetic
mean of these twelve individual F1 scores. This
method allows us to assess not only the model’s
overall performance but also its specific strengths
and weaknesses with respect to the understanding
of each functional type of Latin text.

Results and Analysis Table 6 presents the per-
category F1 (F), Precision (P), and Recall (R)
scores for three top-performing models. As noted
in our main text, the overall performance on this
demanding task is terrible, with the best model,
Deepseek-R1, achieving a Macro F1 score of only
20.98%.

Several key observations can be drawn from
these results. Firstly, the text-only Deepseek-R1
significantly outperforms the multimodal Qwen-
VL models, suggesting that the underlying lan-
guage model’s reasoning capability, rather than
visual cues, is the current dominant factor for this
specific categorization task. Secondly, there is a
drastic variance in performance across categories.
Notably, all models completely fail on the “Side-
note” category, each scoring an F1 of 0.00, al-
though it should have strong visual layout evidence.
Performance is also exceptionally poor on cate-
gories requiring high contextual awareness, such
as “Code-switching” and “Dictionary” entries. The
relatively highest scores are achieved on categories
with more distinct and self-contained structures,
like “Direct Quote” and “Independent” sections,

though even here the best F1 scores remain below
45%.

The overall low scores and high variance across
categories underscore the challenge faced by cur-
rent LLMs. Specifically, performance appears to be
heavily influenced by the models’ intrinsic biases,
likely reflecting the training data distribution. The
models exhibit partial capability on common, text-
centric categories like “Direct Quote” but almost
completely fail to classify rarer or more special-
ized, layout-dependent categories such as “Side-
note”. This area warrants significant further in-
vestigation as a dedicated future work. Focused
research should first aim to diagnose the primary
failure modes more precisely. For instance, future
studies could seek to disentangle the core classifica-
tion challenge from the requirement of generating
structured joint output, and to determine whether
poor performance stems from a fundamental lack
of historical knowledge, poor text grounding in
noisy document images, or suboptimal prompt de-
sign. Answering these foundational questions is
a necessary next step before exploring more com-
plex interventions like specialized training or novel
model architectures.

E.2 Prompt Experiments

This section provides the full content of the prompt
strategies used in our prompt engineering experi-
ments, along with a table of their complete result
numbers.

The following are the specific instructions given
to the Qwen2.5-VL-32B model for each prompt
strategy. The base prompt shown in Appendix C,
used for the Minimal strategy, forms the core of
most other prompts. For brevity, the final line of the
prompt providing the OCR text input, OCR Text:
{page_text}, is omitted from each example below
as its format is consistent across all experiments.

Partial Categories

Identify and extract all segments
written in Latin (e.g., Classical
or Medieval Latin) from the
provided image, using the
accompanying OCR text as a
reference.

Return the results as a list
of strings in the JSON format:
[“text1”, “text2”, ...].

Pay particular attention to
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identifying Latin segments in
code-switching, dictionaries,
footnotes, sidenotes, tables,
and charts, while maintaining
accuracy across all other
categories.

All Categories

Identify and extract all segments
written in Latin (e.g., Classical
or Medieval Latin) from the
provided image, using the
accompanying OCR text as a
reference.

Return the results as a list
of strings in the JSON format:
[“text1”, “text2”, ...].

Please pay attention to Latin
in all of those categories:
Bilingual, Independent,
Direct Quote, Code-switching,
Dictionary, Footnote, Emblematic,
Side-note, Legal, Ecclesiastical,
Tables and Charts, Indices and
Catalogs.

Detailed Categories

Identify and extract all segments
written in Latin (e.g., Classical
or Medieval Latin) from the
provided image, using the
accompanying OCR text as a
reference.

Return the results as a list
of strings in the JSON format:
[“text1”, “text2”, ...].

Please pay attention to Latin in
all of those categories:

- Bilingual: Original Latin text
with its English translation
immediately following.

- Independent: Standalone Latin
text by the author, possibly with
adjacent English.

- Direct Quote: Latin text quoted
verbatim within primarily English
content.
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- Code-switching: Alternation
between Latin and English within
the same passage.

- Dictionary: Latin entries in
dictionary-style definitions or
explanations.

- Footnote: Latin in annotations
or footnotes clarifying main
text.

- Emblematic: Latin used as
mottos, epigraphs, or thematic
standalone phrases.

- Side-note: Marginal notes or
annotations in Latin beside main
text.

- Legal: Standard Latin phrases
used in legal contexts.

- Ecclesiastical: Standard
Latin phrases used in religious
contexts.

- Tables and Charts: Latin in
tables, charts, genealogies,
calendars, scientific or
inflection data.

- Indices and Catalogs: Latin in
lists, indices, bibliographies,
or catalog entries.

Specialist Context

You are a specialist in classical
languages and historical
documents. You are given a
scanned image of a page from an
18th-century document and its
corresponding OCR result.

Identify and extract all segments
written in Latin (e.g., Classical
or Medieval Latin) from the
provided image, using the
accompanying OCR text as a
reference.

Return the results as a list
of strings in the JSON format:
[“text1”, “text2”, ...].

Specialist

You are a specialist in classical
languages and historical
documents.

Identify and extract all segments
written in Latin (e.g., Classical
or Medieval Latin) from the
provided image, using the
accompanying OCR text as a
reference.

Return the results as a list
of strings in the JSON format:
[“text1”, “text2”, ...].

Metrics

Identify and extract all segments
written in Latin (e.g., Classical
or Medieval Latin) from the
provided image, using the
accompanying OCR text as a
reference.

Return the results as a list
of strings in the JSON format:
[“text1”, “text2”, ...].

Please ensure your extraction
is both precise (no non-Latin
segments are included) and
comprehensive (all Latin segments
are found).

Empty List

Identify and extract all segments
written in Latin (e.g., Classical
or Medieval Latin) from the
provided image, using the
accompanying OCR text as a
reference.

Return the results as a list
of strings in the JSON format:
[“text1”, “text2”, ...].

Return an empty list if no Latin
text is found.

Single Word

Identify and extract all segments
written in Latin (e.g., Classical
or Medieval Latin) from the
provided image, using the
accompanying OCR text as a
reference.

Include segments even if they
consist of only a single Latin
word.
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Return the results as a list
of strings in the JSON format:
[“text1”, “text2”, ...].

No Abbrev

Identify and extract all segments
written in Latin (e.g., Classical
or Medieval Latin) from the
provided image, using the
accompanying OCR text as a
reference.

Return the results as a list
of strings in the JSON format:
[“text1”, “text2”, ...].

Please do not include any
abbreviations that are commonly
used in contemporary languages,
such as "etc.", "e.g.", "i.e.",
"et al.", "a.m.", "p.m.", "A.D.",
"B.C.", "P.S.", and similar.

No Borrow

Identify and extract all segments
written in Latin (e.g., Classical
or Medieval Latin) from the
provided image, using the
accompanying OCR text as a
reference.

Return the results as a list
of strings in the JSON format:
[“text1”, “text2”, ...].

Please consider the language
context and do not include Latin
words or phrases that are used
as loanwords or integrated into
other languages, unless they
function as Latin text in the
context.

As summarized in the main text, most prompt
variations result in a precision-recall trade-off. Ta-
ble 7 provides the detailed metric numbers. No-
tably, adopting a “Specialist” persona yields the
highest overall page-level performance (F1 96.81).
Interestingly, adding more specific situational de-
tails to this persona (“Specialist Context”) achieves
perfect page-level recall (100.00%) but at the cost
of significantly lower precision, resulting in a lower
F1 score. This highlights the delicate balance in
prompt design. Furthermore, simply providing

Prompt Strategy PAGE-LEVEL TOKEN-LEVEL

F P R F P R

Minimal 96.18 92.94 99.66 84.32 86.90 83.99
Partial Categories 96.27 92.95 99.83 84.90 85.35 86.61

All Categories 96.55 94.23 98.99 84.20 85.53 85.01
Detailed Categories 96.41 93.65 99.33 83.63 84.72 84.63
Specialist Context 95.35 91.10 100.00 84.79 87.12 84.85

Specialist 96.81 94.26 99.49 84.47 86.74 84.28
Metrics 94.56 90.09 99.49 84.40 87.19 83.75

Empty List 96.06 93.75 98.48 83.84 86.60 83.03
Single Word 92.36 86.05 99.66 84.54 86.02 84.90
No Abbrev 95.01 91.05 99.33 84.85 87.23 84.50
No Borrow 96.41 93.51 99.49 85.09 88.04 84.02

Table 7: Impact of prompting on Qwen2.5-VL-32B.

more instructions on specialized knowledge, such
as in the “All Categories” and “Detailed Categories”
prompts, does not guarantee a significant improve-
ment over the “Minimal” baseline, indicating that a
detailed and informative prompt is not directly cor-
related with better performance. This reveals that
a core deficit in contextual understanding remains
the primary bottleneck.

For the token-level task, negative constraints like
in the “No Borrow” and “No Abbrev” prompts
yield the higher F1 scores (85.09 and 84.85 respec-
tively), primarily by increasing precision. This in-
dicates that providing a more precise, linguistically-
grounded definition of the task is moderately effec-
tive. Ideally, however, a model should possess
this specialist language identification capability
intrinsically, distinguishing true Latin from com-
mon borrowings or abbreviations without requiring
such explicit constraints. This requires moving
beyond simple etymological recognition to a prag-
matic understanding of a word’s function, enabling
the model to differentiate between genuine code-
switching into Latin and fully assimilated loan-
words (e.g., “status quo”) or abbreviations (e.g.,
“et al.”). The fact that explicit negative constraints
are needed even to approximate this behavior high-
lights a key limitation of current models. It reveals
that they still rely on manually encoded rules to nav-
igate nuanced linguistic boundaries that a human
expert would discern implicitly. Achieving this
level of intrinsic, context-sensitive discernment re-
mains a significant and challenging long-term goal
for the development of truly knowledgeable AI
agents as domain experts.

E.3 Fuzzy Matching Threshold

The fuzzy matching threshold, θ (representing the
maximum allowed normalized edit distance relative
to ground truth token length), was empirically set to
0.2 for all the experiments. This choice aligns with
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Figure 6: Token F1 scores on different θ value.

a common heuristic of tolerating approximately “1
error in 5 characters,” suitable for OCR-derived
text, and is supported by our sensitivity analysis
in Figures 6. It consistently shows that while F1
scores generally increase with θ, the most substan-
tial and steepest F1 score improvements for the ma-
jority of evaluated models are concentrated in the
range leading up to θ ≈ 0.2, effectively compen-
sating for common, fine-grained textual variations
attributable to OCR noise. Although metrics may
continue to rise beyond this point for some config-
urations on our dataset, we maintain θ = 0.2 as a
principled trade-off. A higher universal threshold
could risk over-tolerating more substantial predic-
tion errors beyond typical OCR noise, potentially
prioritizing the matching of token quantity or ap-
proximate form over precise content fidelity. This
could also obscure true output quality differences,
especially when comparing models with varying
input noise levels (e.g., image-only versus OCR-
input systems).

E.4 Qualitative Results

More qualitative results are shown as examples
to illustrate the best model’s performance and the
error modes.

Figure 7 shows an example of a mismatch caused
by significant OCR noise caused by poor original
image quality. Here, the post-corrected OCR of our
ground truth differs so much from the OCR visual
or MLLMs produced during the prediction process
that not even our edit distance-based fuzzy ground
truth matching can recover what is essentially a full
match. This kind of error especially affects pages in
the footnotes, code switching and dictionary cate-
gories, since the Latin texts in these categories tend
to be printed in harder to detect fonts and layouts,
which are additionally more likely to be affected
by bad scan quality.

Figure 8 shows an example of a definitional mis-
understanding of the predictions, which is the typi-
cal phenomenon also discussed in the prompt ex-
periment in Section 7.5. Although there is no Latin
text on the page, the prediction contains the Roman
names appearing in the page text.

Figure 9 shows an example of a page where the
prediction contains hallucinations. The model took
part of the text and translated it into Latin in the
prediction, without being prompted to do so.
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Figure 7: An example page with Latin fragments, together with our ground truth and prediction for that page.
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Figure 8: An example page without Latin fragments, together with our ground truth and prediction for that page.
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Figure 9: An example page without Latin fragments, together with our ground truth and hallucinated prediction for
that page.
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