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Abstract
We develop and evaluate manuscript-specific text line detection (TLD) and handwritten text recognition (HTR) models
for two 14th-century Medieval Greek manuscripts, Vat. gr. 2228 and Phil. gr. 130, comprising 1,356 handwritten
pages. From these, we curate and document 36 pages with complete, manually curated text line annotations,
together with 10 additional pages with layout annotations only for TLD, forming two manuscript-specific ground truth
(GT) datasets. To ensure representative evaluation despite limited annotations, validation splits are optimized for
character coverage and distributional similarity using Jensen-Shannon divergence. Using the Transkribus platform,
we train manuscript-specific TLD models from scratch and manuscript-specific HTR models, comparing HTR training
from scratch with fine-tuning of a publicly available Medieval Greek base model. TLD achieves validation pixel-wise
misclassification rates of 5.42% for Vat. gr. 2228 and 8.76% for the more layout-variable Phil. gr. 130. For HTR,
fine-tuning consistently outperforms training from scratch. On validation pages with manually curated text line
annotations, Vat. gr. 2228 reaches 5.13% character error rate (CER) and 23.66% word error rate (WER), while Phil.
gr. 130 reaches 27.13% CER and 65.72% WER after continued training. A supplementary held-out evaluation on
Vat. gr. 2228 shows that the fine-tuned model reaches 5.97% CER and 23.52% WER on test pages with manually
corrected line polygons, degrading to 12.12% CER and 44.21% WER under automatic TLD-based segmentation.
The study also provides a reproducible workflow and evaluation protocol for Medieval Greek HTR under low-resource
conditions.
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1. Introduction

The digitization and transcription of historical doc-
uments have become increasingly important for
both preserving cultural heritage and enabling new
research. By converting physical materials into
digital formats, these efforts not only safeguard
unique historical sources but also broaden access.
Manual transcription, however, is a time-consuming
and highly specialized task, making automated ap-
proaches, particularly handwritten text recognition
(HTR), increasingly valuable.

Medieval Greek manuscripts, in particular those
featuring minuscule scripts penned by informal
scholarly hands, present a unique set of difficul-
ties. On top of the rich system of diacritics charac-
terizing ancient and medieval Greek, those scripts,
designed for rapid execution, present a high degree
of cursivity, frequent ligatures, and extensive use
of tachygraphic symbols and abbreviations. They
also exhibit considerable variation in scribal execu-
tion and, depending on the textual typology, com-
plex layouts. Such features further increase tran-
scription complexity. While HTR systems have ad-
vanced considerably in recent years, progress has
been uneven across languages and scripts. Com-
pared to Latin-based languages, non-Latin scripts
such as Medieval Greek still lag behind in terms
of available datasets, models, and tools, often re-
quiring researchers to develop resources in relative
isolation.

Recently, however, the situation has begun to

change. Collaborative communities have started
to emerge, bringing together datasets, annotation
guidelines, and trained models for Medieval Greek
transcription (see, e.g., Table 1) (Verstraete et al.,
2025). At the same time, user-friendly platforms
such as Transkribus (READ-COOP SCE, 2025)
have democratized access to advanced machine
learning techniques, enabling broader participa-
tion in the transcription process. These develop-
ments are transforming archives that were previ-
ously hardly accessible to the non-specialist into
analyzable data and streamlining research work-
flows.

In this work, we (1) curate and document two
Medieval Greek ground truth (GT) datasets consist-
ing of annotated manuscript pages with line-level
text line annotations (used here as a catch-all term
for baselines, enclosing line polygons, and tran-
scriptions), covering pages from Vat. gr. 22281 and
Phil. gr. 1302; (2) develop and evaluate manuscript-
specific text line detection (TLD) models trained
from scratch and manuscript-specific HTR mod-
els in Transkribus, comparing HTR training from
scratch with fine-tuning of a publicly available Me-
dieval Greek base model (including continued train-
ing where applicable), and reporting Transkribus
validation metrics for TLD and externally computed
recognition scores, namely character error rate
(CER) and word error rate (WER), for HTR; and

1Vatican Library: Vat. gr. 2228, part 1 + part 2
2Austrian National Library: Phil. gr. 130

https://digi.vatlib.it/view/MSS_Vat.gr.2228.pt.1
https://digi.vatlib.it/view/MSS_Vat.gr.2228.pt.2
https://viewer.onb.ac.at/13228923
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Table 1: Datasets and models for Ancient and Medieval Greek HTR, including the two datasets presented
in this paper (Vat. gr. 2228 and Phil. gr. 130). In the table, D = dataset, and M = model. For Vat. gr. 2228,
numbers in parentheses indicate additional pages and lines annotated only for TLD, not transcription.

Name Type Period Pages Lines Characters (total / unique)
Zenon Papyri (Marthot-Santaniello and Hodel, 2022) D 3rd BCE 27 321 6,059 / 47
Méléagre (Guénette et al., 2024) D + M 10th CE 70 3374 108,231 / 108
Chrysostomicus I (Perdiki, 2022) M 10-14th CE – – – / –
Stavronikita (no. 53) (Pratikakis et al., 2021b) D 14th CE 54 1038 63,228 / 147
Stavronikita (no. 114) (Pratikakis et al., 2021a) D 15th CE 44 1006 66,086 / 159
Eparchos (Papazoglou et al., 2020) D 16th CE 120 2272 203,338 / 156
Stavronikita (no. 79) (Pratikakis et al., 2021c) D 16th CE 40 803 50,422 / 133
HPGTR (Platanou et al., 2024) D 8-16th CE 70 1698 66,739 / 159
Vat. gr. 2228 D 14th CE 18 (+10) 731 (+439) 55,637 / 144
Phil. gr. 130 D 14th CE 18 847 123,908 / 143

(3) systematically document the end-to-end work-
flow from GT preparation to evaluation to support
reproducibility and comparative analysis in future
studies.

2. Related Work

2.1. HTR Platforms
HTR platforms integrate the core stages of the HTR
workflow, typically combining layout analysis, often
focusing on text line detection (TLD), with handwrit-
ten text recognition. Many platforms also support
model training and fine-tuning through graphical or
web-based interfaces (Boros et al., 2024).

These systems differ primarily in their trade-
off between usability and experimental control.
Hosted, closed platforms reduce setup overhead
but may limit automation, transparency, and repro-
ducibility. In contrast, open-source systems with
application programming interface (API) access en-
able customizable and fully automated pipelines,
at the cost of local infrastructure requirements and
technical effort.

In this work, we use Transkribus (READ-COOP
SCE, 2025), a widely adopted hosted platform
whose HTR stack is based on the open-source
PyLaia engine (Teklia, 2022; Tarride et al., 2024).
While Transkribus facilitates rapid iteration and col-
laborative annotation, its closed environment con-
strains hyperparameter control and full reproducibil-
ity. We therefore account for these limitations in our
evaluation protocol by performing repeated train-
ing runs and carefully documenting configuration
settings.

Open-source alternatives such as eScriptorium
(Kraken) (eScriptorium, 2025; Kiessling et al.,
2019), Arkindex (PyLaia) (Teklia, 2025), and
OCR4all (Centre for Philology and Digitality, 2025)
provide greater transparency and automation, but
typically require institutional hosting or dedicated
compute resources for training at scale.

Together, these platforms form the technical foun-
dation upon which most recent work in Ancient and
Medieval Greek HTR is built. Understanding their

respective strengths and limitations helps contex-
tualize the methodological choices in the current
study.

2.2. Ancient & Medieval Greek HTR
Recent efforts in Ancient and Medieval Greek HTR
have produced a range of datasets and trained
models across different platforms and architectural
approaches.

Platanou et al. (2024) introduced the HPGTR
dataset, constructed from digitized images of
Bodleian Library Greek manuscripts dating from
the 10th to the 16th century, and trained recognition
models using Transkribus to assess HTR perfor-
mance. Based on their findings, they argue that
paleographic style and manuscript dating strongly
influence recognition performance.

In particular, they correlated variation to chronol-
ogy: manuscripts from the 10th-13th centuries
achieved lower character error rates, whereas later
manuscripts (14th-16th CE) proved more challeng-
ing due to an increasingly cursive style, ligatures,
and stylistic complexity. These findings seem to un-
derscore the importance of accounting for temporal
and stylistic variation when developing manuscript-
specific HTR models, although the question re-
mains whether variations due to genres and uses
might not be equally, if not more important.

Addressing scalability, Perdiki (2023) investi-
gated how to minimize training requirements for
large collections. Focusing on John Chrysostom’s
manuscript tradition, they showed that usable Tran-
skribus models can be trained with as little as 1,000
words of GT. Their results highlight the value of
careful manuscript selection and transfer learning
strategies, particularly when annotated data are
limited.

At the level of individual manuscripts, Guénette
et al. (2024) studied Codex Palatinus Graecus 23
using eScriptorium. They trained recognition mod-
els both from scratch and via fine-tuning (initializing
from the CREMMA Medieval Latin model (Pinche,
2022)), achieving approximately 90-91% accuracy.
Their work demonstrates both the feasibility of
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cross-script transfer learning and the importance
of capturing scribal diversity within a manuscript.

From a methodological perspective, Markou
et al. (2021) proposed a CRNN-FCNN architec-
ture and introduced the EPARCHOS dataset (16th
CE), which captures key challenges of Greek
manuscripts, including abbreviations, floating char-
acters, and polytonic orthography. Their abla-
tion study showed that data augmentation and
regularization significantly improved recognition
performance. Building on convolutional-recurrent
architectures, Tsochatzidis et al. (2021) intro-
duced an OctCNN-BGRU model and released ad-
ditional benchmark datasets from the Stavronikita
Monastery (nos. 53, 79, and 114).

Extending beyond medieval manuscripts, and
moving backward in time, the Zenon Papyri dataset
developed by Marthot-Santaniello and Hodel (2022)
within Transkribus as part of the D-Scribes project
(D-Scribes Project, 2023) represents a key contri-
bution to Ancient Greek HTR. As one of the few
publicly available resources for Greek scripts pre-
served on papyri, it provides a foundation for the
study of significantly earlier material.

Taken together, these studies highlight three re-
curring observations: (i) recognition performance is
strongly influenced by paleographic and layout vari-
ation; (ii) transfer learning and fine-tuning consis-
tently outperform training from scratch, particularly
when annotated data are limited; and (iii) carefully
curated, manuscript-specific GT subsets can be
sufficient to train usable HTR models.

Our work builds directly on these observations by
adopting a manuscript-specific modeling strategy,
comparing training from scratch with fine-tuning of
a publicly available Medieval Greek base model,
and relying on carefully curated but relatively small
annotated subsets.

3. Data

3.1. Source Manuscripts
We develop workflows and models for an over-
all corpus of approximately 1,356 handwritten
pages drawn from two 14th-century Medieval Greek
manuscripts: Vatican, Biblioteca Apostolica Vati-
cana, Vat. gr. 2228 and Vienna, Österreichische
Nationalbibliothek, Phil. gr. 130 (see Figure 1).
Within the broader manuscript project motivating
this study, however, the current phase of the HTR
work reported here focuses on specific folio ranges
within these manuscripts.

Vat. gr. 2228 is a paper manuscript measuring
231×156 mm and consisting of 508 folia (1,016
pages), currently divided into two volumes. Each
folio, with the exception of folia 1r-v and 16r-v, con-
tains 35 to 45 lines of writing on a writing surface of

mostly 174×113.118 mm or 166×114.115 mm, ac-
cording to the full description provided by Salvator
Lilla in the catalog of the Greek Vatican manuscripts
(Lilla, 1985, pp. 307–313). The layout follows the
ruling cataloged by Leroy as 20 D 1 (Leroy, 1976,
p. 6) (see Figure 2 for the ruling pattern). The
manuscript, copied by nine different hands, offers
a selection of rhetorical treatises featuring promi-
nently the Graeco-Roman handbooks authored by
Hermogenes of Tarsus (2nd-3rd century CE) and
his medieval exegeses. For the current phase, our
primary focus is folia 194–313, copied by Hand 2
(according to Lilla’s description) and containing the
11th-century commentary by John Doxapatres on
Hermogenes’ treatise On Invention, a commentary
that remains unpublished to date. At the same time,
the availability of published sections from an earlier
portion of the manuscript makes it possible to con-
struct additional GT for model development before
targeting this main range of interest.

Phil. gr. 130 is also a paper manuscript dated
to the first half of the 14th century. It consists of
170 folia (340 pages) measuring 240/245×155/160
mm. Each folio contains 38 to 56 or 55 to 62
lines of writing, depending on the dimensions of
the folio. The manuscript is described by Her-
bert Hunger (Hunger, 1961, pp. 238–239) in the
catalogue of the Greek manuscripts preserved
by the Austrian National Library. Like the Vati-
can manuscript, the Viennese manuscript contains
Graeco-Roman rhetorical treatises accompanied
by medieval Byzantine commentaries. For the pur-
pose of this study, we focused on folia 85v-170v,
containing Hermogenes’ treatise On Issues, with
the exegesis of John Doxapatres. The commen-
tary material is organized in a frame layout on the
entirety of the written surface, whereby the com-
mentary forms an open frame around small blocks
of main text (Maniaci, 2022).

The particular reproductions of Vat. gr. 2228 we
have been annotating are high-resolution grayscale
images obtained from the Vatican Library, each
measuring 2174×2996 px, while for Phil. gr. 130,
the corresponding reproductions consist of high-
resolution color images, ranging from 4032-4179
px in width and 6040-6086 px in height.

The broader underlying aim of this work is to facil-
itate access to the currently unpublished commen-
tary of John Doxapatres, relevant to the history of
medieval rhetoric. The material considered here re-
flects variation in textual density, layout complexity,
and handwriting. In particular, Phil. gr. 130 exhibits
greater variability in both layout and handwriting,
whereas Vat. gr. 2228 is comparatively consistent
and visually regular. This difference between the
two manuscripts, despite their closeness in time,
is reflected in model performance, as discussed in
Section 5.
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Figure 1: Excerpts from Vat. gr. 2228 (left) and Phil. gr. 130 (right). The image from Vat. gr. 2228 is
generally representative due to the manuscript’s consistency, while Phil. gr. 130 exhibits more variability.

Figure 2: The ruling pattern of Vat. gr. 2228.

3.2. The Ground Truth & Splits
The two GT datasets consist of manuscript pages
with line-level text line annotations.

Pages selected for annotation were chosen
based on editorial needs (for Phil. gr. 130) and the
availability of published sections of the manuscript
text (for Vat. gr. 2228).

The GT datasets are distributed as PAGE-XML
and split-definition files3 with no manuscript images,
since image rights remain with the holding institu-
tions. In total, the GT release contains 46 PAGE-
XML files: 18 for Phil. gr. 130 and 28 for Vat. gr.
2228.

The GT for Vat. gr. 2228 covers folia 12r–20v
and 194r–199v. Of these, 18 unique pages are fully
annotated at the line level. The GT was established
by comparing folia 12r–20v with the existing edition
by Christian Walz (Walz, 1835) and folia 194r-v
by applying the workflow described in Section 4.1.
An additional 10 pages (folia 195r–199v) contain
layout annotations only (baselines and enclosing
line polygons) and are used exclusively for TLD,
contributing 439 lines but no transcriptions (these
are shown in parentheses in Table 1).

For Phil. gr. 130, the GT covers folia 86r–94v, all
fully annotated from scratch at the line level.

Because annotated data are limited, we partition
the pages used for model development into a train-
ing set (≈ 90%) and a validation set (≈ 10%). For
Phil. gr. 130, this corresponds to 16 training pages
and 2 validation pages; for Vat. gr. 2228, 14 training
pages and 2 validation pages are used, with 2 addi-
tional pages held out for test evaluation. For Vat. gr.
2228, these held-out test pages became available

3https://doi.org/10.5281/zenodo.
19425687.

only in a later iteration of the workflow described in
Section 4.1. They were therefore excluded when
selecting the training/validation split. Accordingly,
all splits are performed at the page level to prevent
leakage across partitions.

All transcriptions are normalized prior to defin-
ing the character vocabulary used for training and
evaluation. Normalization removes zero-width char-
acters, maps Unicode whitespace to a single ASCII
space, strips leading and trailing whitespace, and
collapses consecutive spaces. In this context, let C
denote the resulting normalized character vocabu-
lary of a manuscript corpus, i.e., the set of charac-
ters occurring in the GT transcriptions.

Given the small number of annotated pages, eval-
uation may vary depending on the specific pages
selected for validation. To mitigate this effect and
promote representativeness, validation pages are
selected according to two complementary criteria:

Character coverage. The validation set should
contain as many unique characters present in the
corpus as possible. For a subset S of pages, let
C(S) ⊆ C denote the set of characters occurring in
S. We define the coverage of S as

Coverage(S) =
|C(S)|
|C|

.

A value of 1 indicates that all character types in C
are represented in the validation set.

Distributional similarity. Beyond presence or
absence, the relative character frequencies in the
validation set should approximate those of the full
corpus to avoid biased evaluation. Let P and Q
denote the empirical character distributions over
C for the subset and the full corpus, respectively.
We then measure similarity using the symmetric
Jensen-Shannon divergence:

DJS(P ∥Q) = 1
2DKL(P ∥M) + 1

2DKL(Q ∥M),

whereDKL is the Kullback-Leibler divergence (mea-
suring the difference between two probability dis-
tributions) and M = 1

2 (P + Q) is their pointwise
average. Smaller DJS values indicate closer agree-
ment between the character frequency distributions
of the validation set and the full corpus.

https://doi.org/10.5281/zenodo.19425687
https://doi.org/10.5281/zenodo.19425687
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Figure 3: The workflow applied to Vat. gr. 2228 and
Phil. gr. 130. Left column: an evolving GT dataset.
Middle column: the processing steps. Right col-
umn: the resulting artifacts (applied or newly
trained models). In the diagram, +Layout/+Layout*
denote unadjusted/adjusted baselines and line poly-
gons, and +Text/+Text* unadjusted/adjusted tran-
scriptions. Blue dashed arrows indicate the iterative
refinement cycle, where adjusted outputs are rein-
tegrated into a GT dataset and models retrained.

Validation sets are selected using a two-step pro-
cedure. We first identify page combinations that
maximize character coverage; among those, we
select the subset minimizing DJS. This approach
yields validation sets that include rare characters
while maintaining a character frequency distribution
closely aligned with the overall corpus.

4. Workflow & Methods

4.1. Workflow in Transkribus
The workflow in Transkribus is illustrated in Fig-
ure 3. We initially employed the workflow consist-
ing of steps 1 - 5 , comprising data preparation
and model development. The process began with
uploading digitized manuscript images to the Tran-
skribus web interface. A critical early step was lay-
out analysis, here focusing specifically on TLD 1 ,
which provided the structural basis for subsequent
HTR processing.

For initial TLD, we applied the Transkribus Uni-
versal Lines model, which predicts baselines and
corresponding line polygons of approximately rect-
angular shape. While generally effective, the au-
tomatically generated line polygons occasionally
truncated characters, as letters in both manuscripts
frequently extended beyond predicted boundaries.
We therefore manually adjusted these annotations
2 , producing high-quality layout annotations suit-

able for TLD training and for subsequent pairing
with transcriptions in HTR training.

Expert transcriptions were then created on a per-
line basis, pairing each annotated text line with its
corresponding machine-readable transcription 3 .
This pairing of precise segmentation and diplomati-
cally accurate transcription formed the foundation
of the manuscript-specific GT.

GT preparation was carried out collaboratively
by a domain expert in Medieval Greek and a data
scientist. The domain expert ensured accurate tran-
scription, including diacritical marks, resolutions of
tachygraphic signs, ligatures, floating characters,
and other paleographic features, while refining the
associated layout annotations. The data scientist
oversaw model application, dataset organization,
and quality control within Transkribus in prepara-
tion for model training 4 - 5 . All annotated pages
were cross-checked to ensure transcription accu-
racy and annotation consistency.

In addition to steps 1 - 5 , we employed steps
6 and 7 , applying trained TLD and HTR models

to previously unannotated pages. Together, steps
1 - 7 form an iterative learning cycle (illustrated

in Figure 3 by blue dashed arrows), particularly for
Vat. gr. 2228. Automatically segmented and tran-
scribed pages were manually corrected and incor-
porated into the respective manuscript-specific GT
dataset, after which updated models were retrained.
This iterative refinement was applied independently
to each manuscript, progressively improving TLD
and recognition quality while expanding the anno-
tated material, until converging on final manuscript-
specific GT datasets (Section 3.2).

4.2. TLD Model Training

In parallel with HTR model training 5 , we trained
manuscript-specific TLD models 4 for each
manuscript.

TLD models were trained using all default set-
tings in Transkribus and using the same training
and validation partitions as the HTR models (Sec-
tion 3.2). Their primary purpose was to enable
automated segmentation of the remaining unanno-
tated manuscript pages.

Accurate TLD is a prerequisite for reliable HTR
performance, as misplaced or truncated line poly-
gons result in incomplete character capture and
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Figure 4: Screenshot of Transkribus HTR "Ad-
vanced Settings" used in the various experiments.

subsequent recognition errors (Fizaine et al., 2024).
Manuscript-specific training therefore aimed to re-
duce systematic segmentation artifacts introduced
by generic models (Universal Lines) available in
Transkribus.

4.3. HTR Model Training

HTR model training in Transkribus 5 was carried
out using the PyLaia engine, which implements a
convolutional-recurrent neural network (CRNN) ar-
chitecture. The model consists of a convolutional
neural network (CNN) backbone for spatial feature
extraction, followed by stacked bidirectional long
short-term memory (BiLSTM) layers for sequence
modeling. Recognition is optimized using the con-
nectionist temporal classification (CTC) loss func-
tion, which resolves alignment between image fea-
tures and character sequences without requiring
pre-segmented character boundaries.

For each manuscript, we compared two training
strategies: (i) training from scratch using only the
manuscript-specific GT, and (ii) fine-tuning a pub-
licly available Medieval Greek base model (transfer
learning) (Perdiki, 2022). Where applicable, we
further explored continued training to assess any

further possible performance gains.
Unless otherwise noted, each training strategy

was configured for up to 250 epochs with early stop-
ping after 25 epochs without improvement on the
validation set (see Figure 4). Advanced settings
included using existing layout annotations during
training and converting images to black and white.
By binarizing both manuscripts, we aimed to en-
force a consistent starting point for model training
and evaluation, avoiding differences in color infor-
mation as an additional source of variation across
pipelines. Validation followed the page-level 90/10
split described in Section 3.2, ensuring separation
between training and validation pages.

As additional corrected pages were incorporated
into the GT datasets, models were retrained to re-
flect the expanded and refined training data. The
results reported in Section 5 correspond to a final
training phase conducted after this iterative refine-
ment process had converged on the current GT
datasets, described in Section 3.2.

4.4. Evaluation Protocol & Error Metrics

Because Transkribus training is non-deterministic,
each training strategy was repeated three times.
Evaluation results reported in Tables 2 and 3 there-
fore correspond to mean and standard deviation
across three independent runs, training a model on
the training set and evaluating it on the validation
set.

TLD Evaluation. TLD performance is reported
as the pixel-wise misclassification rate provided
by Transkribus and retrieved directly from the plat-
form’s web interface. Lower values indicate better
segmentation performance4.

HTR Evaluation. Evaluation was performed ex-
ternally to Transkribus to ensure reproducible scor-
ing and to enable future, more extensive, line- and
character-level error analysis. GT and predicted
outputs were exported as PAGE-XML and aligned
one-to-one at the text-line level. For all evalu-
ated pages, the number of GT and predicted lines
matched exactly.

Let gi and hi denote the normalized GT and pre-
dicted strings for line i = 1, . . . , N . Before scoring,
GT and predictions were normalized as described
in Section 3.2, ensuring consistency with the vo-
cabulary construction and dataset splits.

Recognition performance was quantified using
character error rate (CER) and word error rate
(WER), computed as micro-averaged Levenshtein

4https://help.transkribus.org/
baselines-models

https://help.transkribus.org/baselines-models
https://help.transkribus.org/baselines-models
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Table 2: TLD performance reported as a pixel-
wise misclassification rate. Results are reported as
mean ± std over three training runs.

Manuscript Miscl. Rate
Train Val

Vat. gr. 2228 6.36% ± 0.07% 5.42% ± 0.21%
Phil. gr. 130 4.86% ± 0.01% 8.76% ± 0.30%

distance with unit insertion, deletion, and substitu-
tion costs (no transpositions):

CER =

∑N
i=1 dLev(gi, hi)∑N

i=1 |gi|
,

WER =

∑N
i=1 dLev(τ(gi), τ(hi))∑N

i=1 |τ(gi)|
.

Here, |gi| denotes the character length of gi,
τ(·) denotes whitespace tokenization, and micro-
averaging means that edit operations are aggre-
gated across all lines before normalization by total
reference length.

In addition to the validation-based comparison
used for model development, we report a supple-
mentary held-out evaluation on unseen Vat. gr.
2228 test pages. We restrict this additional anal-
ysis to Vat. gr. 2228 because held-out test pages
became available for this manuscript through an
additional iteration of the workflow described in Sec-
tion 4.1, and recognition quality had reached a level
that made assessment under practical segmenta-
tion conditions meaningful. The same three trained
HTR models per strategy were reused. Each model
was then evaluated under two segmentation set-
tings: manually corrected line polygons, represent-
ing a near-best-case recognition condition, and au-
tomatically detected line polygons produced by the
manuscript-specific TLD model with the lowest val-
idation misclassification rate, representing a more
realistic end-to-end condition. Scoring followed ex-
actly the same external PAGE-XML protocol as for
validation.

5. Results

5.1. TLD Performance
Table 2 reports overall TLD results, while per-run
results are provided in the Appendix (Section 11).

For Vat. gr. 2228, training and validation misclas-
sification rates are comparable (6.36% vs. 5.42%),
suggesting similar performance across the selected
training and validation pages. This pattern is con-
sistent with the manuscript’s comparatively regular
layout and homogeneous line structure.

In contrast, Phil. gr. 130 shows a larger gap
between training and validation error (4.86% vs.

8.76%), suggesting reduced generalization. This
behavior aligns with the manuscript’s greater layout
variability and scribal complexity.

On qualitative inspection of unseen pages, the
manuscript-specific models generally capture the
main body of text lines in both manuscripts. Resid-
ual errors appear primarily boundary-related, in-
cluding partial exclusion of diacritics and occasional
overlap with adjacent lines. Ultimately, automati-
cally generated layout annotations remain below
the quality of the manual layout annotations.

5.2. HTR Performance
Table 3 reports the overall results, while per-run
results can be found in the Appendix (Section 11).

For Vat. gr. 2228, fine-tuning the publicly avail-
able Medieval Greek base model yields the best val-
idation performance (5.13% CER, 23.66% WER),
improving over training from scratch (6.23% CER,
28.26% WER). Training error remains low over-
all, though the from-scratch runs show noticeably
larger variance than the fine-tuned runs.

Recognition of Phil. gr. 130 is substantially
more challenging. Training from scratch results
in 38.20% CER and 77.95% WER. Fine-tuning re-
duces validation CER to 28.62% (WER: 68.18%),
and continued training further lowers it to 27.13%
(WER: 65.72%). Although overall error remains
high, transfer learning consistently improves perfor-
mance, with the largest absolute gains observed for
the more complex manuscript, indicating that a pre-
trained model can provide a beneficial initialization
even under paleographic and structural variation.

Table 4 extends the validation results with a sup-
plementary held-out evaluation for Vat. gr. 2228
under two segmentation conditions. On the held-
out test pages with manually corrected line poly-
gons, the fine-tuned base model achieved 5.97%
CER and 23.52% WER, compared with 8.77% CER
and 31.14% WER for training from scratch. Under
automatically detected line polygons, recognition
performance dropped to 12.12% CER and 44.21%
WER for the base model, and to 18.47% CER and
54.81% WER for training from scratch. The rel-
ative ranking observed on validation is therefore
preserved on unseen material, while the end-to-end
setting makes explicit the expected propagation of
segmentation errors into downstream HTR.

6. Discussion & Limitations

Because annotated material is limited, we use a
fixed page-level split optimized for character cover-
age and distributional similarity. While this ensures
textual representativeness, it does not explicitly
account for visual variability. Reported validation
scores should therefore be interpreted as estimates
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Table 3: HTR performance reported as micro-averaged CER/WER. Mean ± std over three training runs.

Manuscript Strategy CER WER
Train Val Train Val

Vat. gr. 2228 From Scratch 0.68% ± 0.55% 6.23% ± 0.22% 3.91% ± 2.84% 28.26% ± 1.41%
Base Model 0.02% ± 0.01% 5.13% ± 0.09% 0.15% ± 0.07% 23.66% ± 0.60%

Phil. gr. 130 From Scratch 37.42% ± 3.45% 38.20% ± 1.98% 66.80% ± 4.01% 77.95% ± 2.78%
Base Model 32.86% ± 0.53% 28.62% ± 0.33% 57.28% ± 0.41% 68.18% ± 0.77%
Base Model (Cont. Train.) 27.95% ± 0.05% 27.13% ± 0.43% 47.69% ± 0.13% 65.72% ± 1.64%

Table 4: Supplementary held-out evaluation of HTR performance for Vat. gr. 2228 on two test settings:
manually corrected line polygons and automatically detected line polygons from the manuscript-specific
TLD model with the lowest validation misclassification rate. Results are reported as micro-averaged
CER/WER, mean ± std over three training runs.

Manuscript Strategy CER WER
Manual Automatic (TLD) Manual Automatic (TLD)

Vat. gr. 2228 From Scratch 8.77% ± 0.45% 18.47% ± 0.83% 31.14% ± 0.47% 54.81% ± 0.29%
Base Model 5.97% ± 0.16% 12.12% ± 0.64% 23.52% ± 0.68% 44.21% ± 2.50%

under this controlled setting rather than guarantees
for all pages within each manuscript.

A second limitation concerns experimental con-
trol in Transkribus. Model training is non-
deterministic because random seeds cannot be
fixed. Although we repeat each strategy three times
and report mean and standard deviation, run-to-run
variance remains. In addition, a single fixed valida-
tion split increases sensitivity to page selection and
does not capture variability that cross-validation
would reveal.

Finally, most of the recognition results are com-
puted on validation pages with manually curated
text line annotations. We supplement these with
a held-out evaluation for Vat. gr. 2228 under both
manual and automatic segmentation conditions,
but this more realistic end-to-end setting is so far
assessed only for one manuscript and on a small
number of test pages. Extending and expanding
this type of end-to-end evaluation therefore remains
a natural next step, in particular for Phil. gr. 130,
where layout and handwriting are more variable.

7. Conclusion & Future Work

We documented two manuscript-specific Medieval
Greek GT datasets, including fully annotated
pages with manually curated text line annotations
and additional layout-only pages for TLD, trained
manuscript-specific TLD and HTR models in Tran-
skribus, and described an iterative workflow and
evaluation protocol for Medieval Greek HTR under
low-resource conditions. Across both manuscripts,
fine-tuning a publicly available Medieval Greek
base model consistently improved recognition per-
formance over training from scratch, with the largest
gains observed for the more complex Phil. gr. 130.
TLD results likewise reflected the contrast between

the two manuscripts, with more comparable train-
ing and validation performance for Vat. gr. 2228
than for the more layout-variable Phil. gr. 130.

Future work will focus on four directions. (1)
Data and imaging quality: extend the annotated
corpus, especially for Phil. gr. 130, and assess the
effect of higher-quality scans on both segmenta-
tion and recognition. (2) End-to-end evaluation:
extend the supplementary held-out evaluation re-
ported here by quantifying the interaction between
TLD quality and HTR performance on automati-
cally segmented pages beyond the current Vat. gr.
2228 test-set analysis. (3) Training improvements:
explore data augmentation to improve robustness
to layout and handwriting variation, like in Markou
et al. (2021). (4) Post-correction: benchmark post-
correction models that treat error correction as
sequence-to-sequence translation. Byte-level mod-
els such as ByT5 (Xue et al., 2022) have shown ro-
bustness to noise and rare characters in related his-
torical settings (Löfgren and Dannélls, 2024; Mom-
taz et al., 2025), and recent work suggests similar
potential for Medieval Greek (Pavlopoulos et al.,
2024, 2023) and for large language model (LLM)-
based correction of Medieval Greek HTR output
(Evangelatos et al., 2026). We aim to evaluate sim-
ilar approaches on Vat. gr. 2228 and Phil. gr. 130
to reduce remaining errors.
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10. Appendix A: Data Splits

Figure 5 and Figure 6 illustrate the resulting char-
acter frequency distributions for the full corpus and
the corresponding training and validation splits for
Vat. gr. 2228 and Phil. gr. 130, respectively. In
each figure, characters are ordered by frequency
in the full corpus and split into the 50% most fre-
quent and 50% least frequent characters. Relative
frequencies are computed within each subset, en-
abling direct comparison independent of corpus
size. For both manuscripts, the training distribution
closely follows the full corpus distribution, while the
validation set shows slightly weaker distributional
alignment but still achieves good coverage across
the full set of characters, including less frequent
ones.

Figure 5: Character frequency distribution in Vat. gr. 2228, split into the 50% most frequent and 50% least
frequent characters.
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Figure 6: Character frequency distribution in Phil. gr. 130, split into the 50% most frequent and 50% least
frequent characters.
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11. Appendix B: Per-run Results

This appendix reports per-run results underlying
the aggregated metrics presented in Section 5.
We present per-run metrics for TLD, HTR on the
training and validation splits, and the Vat. gr. 2228
HTR test-set evaluations. The tables reported here
make more explicit the run-to-run variability arising
from the non-deterministic training process.

Table 5: Per-run TLD performance reported as pixel-wise misclassification rate. Lower values indicate
better segmentation performance.

Manuscript Run Miscl. Rate
Train Val

Vat. gr. 2228 Run 1 6.32% 5.19%
Run 2 6.44% 5.59%
Run 3 6.32% 5.50%

Phil. gr. 130 Run 1 4.87% 8.93%
Run 2 4.85% 8.41%
Run 3 4.87% 8.93%

Table 6: Per-run HTR performance on the training and validation splits, reported as micro-averaged
CER/WER.

Manuscript Strategy Run CER WER
Train Val Train Val

Vat. gr. 2228 From Scratch Run 1 0.363% 6.48% 2.21% 29.82%
Run 2 1.320% 6.07% 7.19% 27.88%
Run 3 0.367% 6.15% 2.33% 27.08%

Base Model Run 1 0.012% 5.05% 0.10% 23.45%
Run 2 0.026% 5.22% 0.23% 24.34%
Run 3 0.014% 5.12% 0.11% 23.19%

Phil. gr. 130 From Scratch Run 1 36.59% 38.17% 65.75% 76.61%
Run 2 34.46% 36.24% 63.43% 76.10%
Run 3 41.21% 40.20% 71.23% 81.15%

Base Model Run 1 33.48% 28.88% 57.43% 68.69%
Run 2 32.55% 28.74% 57.58% 68.55%
Run 3 32.56% 28.25% 56.81% 67.30%

Base Model (Cont. Train.) Run 1 28.01% 26.63% 47.63% 64.47%
Run 2 27.94% 27.41% 47.60% 65.12%
Run 3 27.90% 27.34% 47.84% 67.58%

Table 7: Per-run HTR test-set performance for Vat. gr. 2228, reported as micro-averaged CER/WER for
manually corrected line polygons and automatically detected line polygons from TLD.

Strategy Run CER WER
Manual Automatic (TLD) Manual Automatic (TLD)

From Scratch Run 1 9.27% 19.09% 31.61% 54.75%
Run 2 8.43% 18.78% 31.14% 54.56%
Run 3 8.60% 17.53% 30.67% 55.13%

Base Model Run 1 6.16% 12.27% 24.27% 44.50%
Run 2 5.86% 12.67% 23.33% 46.57%
Run 3 5.90% 11.42% 22.95% 41.58%
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