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Abstract

Handwritten text recognition (HTR) for histor-
ical documents is often performed as a staged
pipeline in which layout analysis and text line
detection (TLD) produce line polygons, HTR
transcribes the detected text lines, and the out-
put may then be post-corrected. We investigate
post-correction for Vaticanus graecus 2228
(Vat. gr. 2228), a 14th-century Medieval Greek
manuscript, by fine-tuning byte-level ByT5
models on synthetic noisy-to-clean training
pairs generated from validation-derived HTR
error profiles. We evaluate post-correction
across four factors: HTR model training strat-
egy (models trained from scratch vs. initial-
ized from a pretrained model), line polygon
quality (manually corrected vs. automatically
detected polygons), source context (using the
current line alone vs. using additional neigh-
boring lines), and clean-text source mixture
(relying more on manuscript ground truth vs.
external Greek text). Post-correction is most
effective with automatically detected polygons.
In this condition, using a source mixture rely-
ing more on external Greek text, word error
rate (WER) decreases from 36.82% to 30.87%
for HTR initialized from a pretrained Medieval
Greek base model when post-correction uses
additional neighboring lines, and from 44.79%
to 36.50% for HTR trained from scratch when
post-correction uses the current line alone. Im-
provements with manually corrected polygons
are smaller and less consistent, showing that
post-correction can recover part of the error in-
troduced by automated processing but does not
replace accurate TLD or HTR.

1 Introduction

The digitization and transcription of historical doc-
uments increasingly depend on automated work-
flows that combine layout analysis, text line detec-
tion (TLD), handwritten text recognition (HTR),
and downstream correction. Some systems aim to
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Figure 1: Example crop from Vat. gr. 2228 (f. 12r), an
earlier portion whose published text supported prepara-
tion of the ground truth, showing its regular line layout
and consistent writing.

collapse more of this process into a single model,
but staged pipelines remain common in practical
manuscript workflows because they expose inter-
mediate artifacts. In low-resource cultural-heritage
settings, this visibility supports auditability and ex-
pert intervention, making it possible to improve
different stages incrementally. Because manual in-
tervention can be time-consuming, it is valuable
to understand how errors propagate through the
pipeline, whether downstream interventions can
mitigate them, and where manual effort is best
spent.

For Medieval Greek bookhands, this issue is
especially relevant. Rapid minuscule scripts—
particularly scholarly hands—feature dense dia-
critics, ligatures, abbreviations, suspensions, and
contractions. Together with manuscript-specific
layouts, these features can affect both segmentation
and recognition: TLD may produce line polygons
that cut through ascenders or include marginal or
between-line material, while the HTR model must
distinguish visually similar characters and abbrevi-
ations.

This study focuses on the Medieval Greek
manuscript Vat. gr. 2228, described in detail by



Lilla (1985, pp. 307-313). The present experiments
use 44 processed pages from ff. 12r—15v, 17r—20v,
and 194r-207v (Table 1). Lilla attributes the text in
the sampled portions to the same hand. Together,
the shared hand, regular line layout, and consis-
tent writing reduce variation in handwriting and
layout, making the sampled material well suited to
a controlled within-manuscript comparison across
experimental conditions. Figure 1 shows a repre-
sentative page from the earlier portion, whose text
was published by Walz (1835) and could therefore
be used as a reference when preparing manually
verified transcriptions of these pages.

The later sampled portion belongs to the pri-
mary target of the broader transcription project:
ff. 194r-313r, which preserve John Doxapatres’
still-unpublished 11th-century Commentary on
Hermogenes’ On Invention. Because further pages
remain to be processed, the present comparison
also helps determine whether future manual inter-
vention should focus on correcting line polygons
before HTR or recognized text afterward, and un-
der which settings.

We examine this trade-off by fine-tuning ByT5
post-correction models across conditions of HTR
accuracy, line polygon quality, source context, and
clean-text source mixture, using synthetic training
data informed by validation-derived HTR error pro-
files. The resulting case study clarifies the potential
and limitations of post-correction in a practical Me-
dieval Greek manuscript workflow and provides a
point of comparison for other historical languages
and scripts.

2 Related Work

Post-correction is commonly formulated as trans-
lation from noisy HTR output to corrected text.
For historical documents, prior work shows both
the promise and the risk of this formulation: cor-
rection can reduce character error rate (CER) and
word error rate (WER), but may also introduce
errors when applied to already accurate recogni-
tion output or to text whose error profile differs
from the correction model’s training data (Boros
et al., 2024; Pavlopoulos et al., 2023). Medieval
Greek is a particularly relevant point of comparison.
Pavlopoulos et al. (2024) presented a seven-century
shared task using actual and synthetic evaluation
data for recognized Medieval Greek manuscripts
and papyri, comparing ByT5-large with an engi-
neered rule-based system. In contrast, the present

single-manuscript study isolates polygon quality,
HTR training strategy, context, and source mixture,
using validation-derived error profiles to generate
synthetic ByT5-small training pairs. Pavlopoulos
et al. (2023) further showed that detecting erro-
neous HTR output before correction can reduce
harmful corrections on lines that should have been
left unchanged.

Synthetic data are often used when real parallel
error data are limited. In grammatical error correc-
tion, byte-level models trained first on synthetic er-
rors and then on curated real errors can outperform
models based on fixed word or subword vocabu-
laries, especially for noisy or morphologically rich
text (Ingolfsdéttir et al., 2023). In OCR/HTR cor-
rection, synthetic data can increase training diver-
sity, but prior Medieval Greek results also warn that
artificial perturbations may not match real HTR er-
rors (Pavlopoulos et al., 2024). LLM-based correc-
tion studies for historical text report mixed results:
some handwriting-recognition experiments show
prompt-dependent gains, while broader historical
OCR/HTR studies find substantial variability and
frequent degradation (Principe et al., 2025; Boros
et al., 2024; Kanerva et al., 2025; Evangelatos et al.,
2026). This motivates the approach used here: in-
stead of relying on prompt-only correction, we de-
rive HTR error profiles from validation data and
use them to parameterize a controlled synthetic
data generator.

Byte-level, or token-free, models process raw
bytes rather than word or subword tokens. ByT5
removes fixed-vocabulary preprocessing, handles
arbitrary scripts, and is robust to spelling and input
noise, but at the cost of longer sequences (Xue et al.,
2022). We use ByT5 because its public encoder-
decoder architecture is well suited to noisy-line-to-
clean-line correction and has already been used in
comparable OCR/HTR correction studies (Lofgren
and Dannélls, 2024; Momtaz et al., 2025; de Aradjo
et al., 2025; Pavlopoulos et al., 2024; Chincholikar
et al., 2025).

3 Pipeline Context

3.1 TLD & HTR Setup

Data curation, TLD/HTR training and inference
were performed in Transkribus (READ-COOP
SCE, 2025). In particular, HTR models of varying
accuracy were developed using a fixed page-level
training and validation split whose pages had manu-
ally corrected line polygons. We used two training



Split Ground truth Line polygons
Pages Lines Chars

Train 36 1507 115,012 Manual

Validation 4 171 13,318 Manual + Automatic

Test 4 165 12,849 Manual + Automatic

Total 44 1843 141,179 -

Table 1: Ground-truth (GT) page split for the Vat. gr.
2228 post-correction experiments.

strategies: From Scratch HTR, trained directly on
the manuscript ground truth (GT), and Base Model
HTR, initialized from a Medieval Greek model.!
In parallel with HTR model training, TLD models
were trained on the same dataset splits.

This study builds directly on the Transkribus
workflow and models reported by Andersen et al.
(2026). Since that study, the dataset has expanded
and the models have improved. We use the ex-
panded dataset and improved models here while
otherwise following the same workflow.

The developed HTR models were applied to val-
idation and held-out test pages under two line poly-
gon conditions: Manual (manually corrected) line
polygons and Automatic line polygons produced by
the best-validation-loss TLD model trained on the
same manually corrected training data as the HTR
models.” The Automatic condition is therefore the
direct downstream application of this selected TLD
model, whose Transkribus-reported pixel-wise mis-
classification was 6.43% on train and 5.94% on
validation. Recorded settings for TLD/HTR train-
ing and inference are given in Appendix D.

The fixed page-level split used for TLD/HTR
training is summarized in Table 1. The same split is
used for post-correction training and evaluation. In
particular, training pages provide clean manuscript
GT for synthetic data generation. Validation pages
are used for error profiling, calibration of the syn-
thetic data generator, and post-correction model
checkpoint selection, while test pages are otherwise
reserved for final raw HTR and post-correction out-
put evaluation.

The preceding HTR-development workflow pro-
duced three separately trained models for each
HTR training strategy. We refer to them as HTR
runs and evaluate all of them. Table 2 reports their

!Chrysostomicus I: https://www.transkribus.

org/models/chrysostomicus—1i

2Ground truth is available at https://doi.org/10
.5281/zenodo.20718084, while experimental data are
available at https://doi.org/10.5281/zenodo.?2
1757657.

HTR strategy Line polygons CER (%) WER (%)

Base Model = Manual 2.69 +0.20 14.36 £0.85
Automatic 8.90 £0.34 36.82 +1.20
From Scratch Manual 3.01 £0.17 16.15£0.79
Automatic 12.54 +£1.62 44.79 + 4.38

Table 2: Raw HTR performance on held-out test pages
before post-correction. Values are mean + standard
deviation across three HTR runs.

raw HTR means and standard deviations. Over-
all, HTR evaluation shows that using automatically
detected line polygons substantially increases raw
error rates. For Base Model HTR, Automatic in-
creases average test CER from 2.69% to 8.90% and
WER from 14.36% to 36.82%. For From Scratch
HTR, it increases CER from 3.01% to 12.54% and
WER from 16.15% to 44.79%.

3.2 Text Normalization

After text normalization, manuscript GT and HTR
outputs are represented as line-level pairs. In the
Manual condition, corresponding GT and HTR
lines are paired one-to-one. In the Automatic condi-
tion, the TLD output and regular manuscript layout
yielded equal line counts, permitting one-to-one
pairing in reading order.

All manuscript GT, raw HTR outputs, and
post-correction predictions undergo the same text-
normalization protocol before scoring. The proto-
col applies Unicode Normalization Form C (NFC),
removes zero-width characters, harmonizes punc-
tuation/sign variants, contextually maps Latin to
Greek characters, and standardizes whitespace. Ta-
ble 5 in Appendix A lists the ordered transforma-
tions. The same protocol is applied to manuscript
GT lines and external pseudo-lines derived from
external Greek text before they are used as clean tar-
gets for generating synthetic post-correction train-
ing pairs.

The character counts in Table 1 and CER/WER
values in Table 2 are based on the normalized text.

4 Error Analysis

To understand the validation HTR error profiles and
design the synthetic data generator, we first analyze
validation HTR outputs from the developed HTR
models. These outputs come from the two HTR
training strategies, the three HTR runs per strategy,
and their application to validation pages under the
Manual and Automatic line polygon conditions
(Section 3). This section separates character-level
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Validation character edits by HTR strategy and line polygons
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Figure 2: Validation character-level operation propor-
tions, grouped by HTR training strategy and line poly-
gon condition.

diagnostics from line-level diagnostics. Section 5
then uses them to parameterize the synthetic data
generator.

4.1 Character-Level Diagnostics

We compute character-level edit operations from
the same Levenshtein alignments used for CER.
For a GT character ¢ and an HTR character ¢, errors
are represented as:

c—¢ c#ec (substitution),
c— D (deletion),
g — ¢ (insertion).

Figure 2 summarizes the proportions of insertions,
deletions, and substitutions for validation HTR out-
puts. Substitutions dominate overall, but the Au-
tomatic condition exhibits more severe and struc-
turally complex errors than the Manual condition.

Figure 3 summarizes the most frequent valida-
tion edit operations under the Manual and Auto-
matic conditions. The Manual profiles add useful
contrast: their edit operations are more concen-
trated, and the most frequent operation is deletion
of a space. Automatic errors are less concentrated,
and the most frequent operation is insertion of a
space. This supports the interpretation that au-
tomatic layout analysis introduces a broader and
more segmentation-sensitive error profile across
both HTR training strategies.

4.2 Line-Level Diagnostics

Character-level operations alone do not capture
the full error structure. In the Automatic condi-
tion, recognition errors often reflect interactions
between line detection and transcription: spaces
may be inserted or deleted, word boundaries may
shift, a short continuation from a neighboring vi-
sual line may be included, or several adjacent char-
acters may be affected together. We therefore com-
pute whitespace/token-boundary diagnostics and

bounded multi-character span edits in addition to
single-character edit counts.

Span diagnostics are derived from the Lev-
enshtein backtrace by grouping adjacent non-
matching operations until the next matching char-
acter. A bounded multi-character span edit is a
grouped region with more than one character on ei-
ther the GT or HTR side and no more than six char-
acters on either side. This excludes very long line-
level mismatches while retaining compact multi-
character disturbances.

Table 3 reports these diagnostics for validation
HTR outputs pooled across the three HTR runs.
Automatic has substantially more edits per line,
whitespace edits, and bounded multi-character span
edits than Manual. The From Scratch Automatic
condition is the most severe case: 11.20 charac-
ter edits per line, a 20.35% whitespace-edit share,
and 2.17 bounded multi-character span edits per
line. These results show that errors under Auto-
matic are not merely more frequent versions of
those under Manual. They are structurally different
and more often involve token-boundary and short
span-level disturbances. Prior Byzantine Greek
studies likewise describe substantial variation in
line-level HTR error severity and boundary errors
such as mistaken word division and merging, con-
trasting these cases with isolated character errors
(Pavlopoulos et al., 2023, 2024).

5 Post-Correction Method
5.1 Task & Training Data

We formulate post-correction as sequence-to-
sequence translation from normalized HTR output
to normalized GT. For normalized GT line g;, let
h;"P" denote the corresponding normalized HTR
output for HTR training strategy m, line polygon
condition p, and HTR run r. A model with pa-
rameters 6 receives a source string x; built from
the HTR output and predicts g; by maximizing
po(gi | zi). The training objective is the standard
encoder-decoder negative log-likelihood over tar-
get bytes:

L) = — ZInge(gi | ;).

For post-correction model development, we use
google/byt5-small’, a byte-level TS model (Xue
et al., 2022).

*https://huggingface.co/google/byt5-s
mall/
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Figure 3: The 15 most frequent validation edit operations by HTR training strategy and line polygon condition.

HTR strategy Line polygons

Edit diagnostics

Whitespace edits
Avg. edits/line Whitespace edits (%) Avg. spans/line Insertions Substitutions Deletions
Base Model  Manual 3.30 14.99 0.44 69 58 127
Automatic 8.06 18.32 1.41 284 291 182
From Scratch Manual 347 14.76 0.42 50 52 161
Automatic 11.20 20.35 2.17 333 590 246

Table 3: Validation structural diagnostics pooled across three HTR runs. Avg. edits/line is the mean character-edit
count, Whitespace edits (%) is the share of edit operations involving whitespace, and Avg. spans/line is the mean
bounded multi-character span-edit count. Counted spans contain at most six GT and six HTR characters.

We compare two source context settings, Current
(z$™) and Neighboring (:U;?tx):

2™ = (CUR)A™P" (/CUR),
2™ = (PREV)h™P" (/PREV)
(CUR)R™P™(/CUR)

(NEXT)ATP" ( /NEXT).

The angle-bracketed labels are literal source tags.
Thus, z§" and x§*™ are tagged source strings con-
taining the current HTR line alone or together with
its neighboring HTR lines. The target in both set-
tings is the current normalized GT line g;. In the
Neighboring setting, the neighboring lines serve
only as input context. At validation and test time,
the tags enclose actual HTR lines, with neighbor-

ing lines taken from the same page and HTR run.
During training, they enclose the synthetic corrup-
tions described in Section 5.2. At page boundaries,
missing neighboring lines are represented by the
empty string.

Using train-split HTR output directly would be
misleading because train HTR is nearly perfect.
In the pooled train split, Base Model HTR has
only 70 character edits across 4,521 run-level line
instances, and even the From Scratch strategy is
far cleaner on train pages than on validation or
test pages. A post-correction model trained on
those pairs would mostly learn to copy its input
and would give little signal about the validation
errors documented in Figure 3 and Table 3. At



the same time, the validation data show systematic
mistakes, especially under the Automatic condition.
We therefore use validation HTR to estimate error
characteristics, but use clean manuscript training
GT and external Greek text as the source material
from which noisy training pairs are generated.

We consider two source mixtures: Manuscript-
Heavy and External-Heavy.  Both combine
manuscript training GT with pseudo-lines derived
from a pool of external Greek text, but in reversed
proportions. The external passages were provided
by the authors of Yousef et al. (2022). We divide
the passages into pseudo-lines, filter them to re-
semble manuscript training GT in length, script
composition, and formatting, and sample from the
resulting pool. We exclude pseudo-lines that ex-
actly match any complete normalized manuscript
GT line. Appendix B documents the source repos-
itories, processing, sampling, and lexical-overlap
analysis.

For each HTR strategy and line polygon condi-
tion, validation HTR errors pooled across the three
HTR runs define one error profile (7 p, Pmp)-
The four profiles parameterize the synthetic data
generator and are crossed with source context and
source mixture to define the post-correction config-
urations.

5.2 Synthetic Error Calibration & Generation

The goal of the synthetic data generator is to create
training pairs that reflect the validation HTR error
characteristics while still using clean manuscript
and external text as targets. We therefore control
not only which edit types are sampled, but also
how severe the generated errors are. Line-level
CER provides an interpretable severity axis. For
each HTR strategy m and line polygon condition
p, we define the pooled validation set as
Do ={(gi, b)) Y-

For each normalized validation pair (g,h) €
D.""—shorthand for a GT line g; and its corre-
sponding HTR output h."”""—we define the line-
level severity as

dLev(ga h)
s(g,h) = il

(1
where dj ., denotes Levenshtein edit distance and
|g| is the number of GT characters. Equation (1)
is used only within the synthetic calibration and
generation procedure. Writing s = s(g, h), the

empirical severity distribution 7, , is computed
over five bins. The identity bin has s = 0. Among
validation pairs with s > 0, t50, t9g, and tg5 are the
50th, 90th, and 95th percentiles of line-level CER.
They delimit low as 0 < s < t59, medium as tsg <
s < tgp, high as tgg < s < tgs, and extreme as s >
tos5. For the same validation pairs, the Levenshtein
backtraces identify substitutions, insertions, and
deletions; their pooled frequencies and structural
diagnostics define an edit profile ¢, ,. Thus, 7, ;
determines how often each severity bin is requested,
whereas ¢,, ;, determines which edit patterns are
used to construct candidates. Figure 3 and Table 3
summarize the main components of ¢,, ,, while
Appendix C gives the exact bin thresholds and 7, ;,
values.

The calibration and generation procedure is as
follows:

1. Pool validation HTR-GT pairs. Pool the pairs
across the three HTR runs for one HTR strategy
m and line polygon condition p.

2. Estimate the error profile. Estimate the five-
bin severity distribution 7, , and edit profile

¢m7p'

3. Select the local-edit multiplier. For each er-
ror profile and source mixture, select a multi-
plier A that scales the probabilities of character,
whitespace, and short-span edits in ¢y, ,,. Larger
values make such edits more likely and tend to
increase corruption severity. Calibration selects
A to minimize the weighted difference between
a realized synthetic severity distribution 7 and
the corresponding validation distribution 7y, ;.

4. Draw requested severity bins. For each clean
line selected from a source mixture, indepen-
dently draw a bin from 7, ;, for that line and
each available non-empty neighboring line.

5. Generate corruptions within the requested
bins. Leave an identity request unchanged.
Otherwise, use the validation-derived local ed-
its in ¢, ,, with their probabilities scaled by
the selected A, to generate candidates. For
highlextreme requests, the candidate set may
also include candidates guided by the numeri-
cal error properties of one validation HTR-GT
pair. Retain the first generated candidate that
falls within the requested bin or, if none does,
the candidate with the smallest CER distance to
that bin.



6. Form Current and Neighboring training
pairs. Form x{"" from the corrupted line alone
or z{™ from the corrupted line and available

neighboring lines. In both cases, use the clean

line g; as the target.

Appendix C follows this sequence in more de-
tail and assesses how closely the generated training
corruptions reproduce the validation-derived distri-
bution.

6 Experimental Setup

Post-correction setup & compute. The exper-
imental grid crosses HTR training strategy (Base
Model vs. From Scratch), line polygon condition
(Manual vs. Automatic), source context (Current
vs. Neighboring), and source mixture. For each
validation-derived error profile, the Manuscript-
Heavy 75%/25% mixture uses 37,500 examples
sampled with replacement from manuscript train-
ing GT and 12,500 pseudo-lines sampled without
replacement from the filtered external pool; the
External-Heavy 25%/75% mixture reverses these
counts. Each configuration is trained on 50,000
synthetic pairs; within each error profile and source
mixture, the context variants reuse the same cor-
ruptions and targets, and their sources differ only
in the tagged lines included. The full 2 x 2 x 2 x 2
grid therefore contains 16 post-correction configu-
rations, each fine-tuned once.

All 16 configurations used the same recorded
training settings. Validation and checkpoint selec-
tion used 513 real HTR-GT pairs: 171 GT lines
under each of three HTR runs. Because ByT5
uses byte-level tokenization, sequence limits are
measured in tokenizer tokens rather than charac-
ters. During fine-tuning, sources and targets were
capped at 1,024 and 256 tokens, respectively. Con-
tent beyond these limits was truncated. Training
and validation batches contained up to 8 examples.
Validation batches were used only for scoring.

Optimization used fused AdamW at 5 x 107
with a linear schedule and no warmup. BF16 mixed
precision and TF32 were enabled for more efficient
GPU execution. Seed 1337 controlled randomness
throughout the post-correction pipeline. Models
were trained for three epochs, evaluated and saved
after each epoch, and the checkpoint with the low-
est validation loss was retained.

At inference, sources were again capped at 1,024
tokens and processed in batches of up to 16. Gen-
eration stopped when the model produced an end-

of-sequence token or after 256 newly generated
tokens, bounding output length and decoding cost.
Training and inference used PyTorch and Hugging
Face Transformers.

For each configuration, the selected checkpoint
was evaluated separately on the outputs of the
three HTR runs. Reported test values average
these three evaluations. They therefore reflect
different HTR-run outputs, not repeated ByT5
fine-tuning. Post-correction training and evalua-
tion used one NVIDIA GeForce RTX 5090 GPU
(32 GB VRAM), an AMD EPYC 9224 CPU (24
cores), and 64 GB RAM. Across all 16 configu-
rations, logged post-correction pipeline-stage du-
rations summed to 10.21 hours on this machine,
excluding manual curation and Transkribus-side
TLD and HTR processing.

Evaluation metrics. For a collection of eval-
vated normalized GT/prediction line pairs S =
{(gi, ;)} within one HTR run, CER sums charac-
ter edits over all lines in the split and divides by
the total number of GT characters; WER does the
same with whitespace-delimited word edits and GT
words. Here g; denotes the evaluated output, either
raw HTR or post-corrected text:

2 (gs.50)e8 Aev(9i, 9i)
Z(Qi,éi)es |93

> (gi.gies Mev(T(9i), T(9:))

Z(m@-)es 17(g)|

)

CER(S) =

WER(S) =

Here, 7(-) denotes whitespace tokenization. The
line-level CER used for synthetic severity calibra-
tion and candidate selection is the single-pair com-
putation in Equation (1). Thus, lines contribute to
split-level scores in proportion to their GT length
rather than receiving equal weight; reported con-
figuration values then average the three run-level
scores. For a metric £ € {CER, WER}, relative
error reduction is reported as:

Eraw - Epost

reduction(FE) = z
raw

Positive values indicate improvement over raw
HTR, while negative values indicate degradation.

7 Results

7.1 Overall Post-Correction Effects

Table 4 reports test-set performance for all config-
urations, comparing raw HTR with post-corrected



Source mixture HTR strategy Line polygons Context CER (%) WER (%)
Raw Post Red. Raw Post Red.
Manuscript-Heavy Base Model Manual Current 269 271 -0.73 1436 13.82 3.76
Neighboring 2.69 2.65 1.54 1436 13.79 4.00
Automatic Current 890 8.52 4.25 36.82 31.65 14.09
Neighboring 8.90 848 4.74 36.82 31.08 15.61
From Scratch  Manual Current 3.01 3.03 -0.72 16.15 1494 751
Neighboring 3.01 298 0.99 16.15 14.75 8.67
Automatic Current 12.54 11.85 523 4479 36.99 17.22
Neighboring 12.54 11.70 6.49 44.79 36.25 18.86
External-Heavy Base Model Manual Current 269 274 -2.12 1436 14.02 236
Neighboring 2.69 2.69 0.02 14.36 13.68 4.76
Automatic Current 890 851 4.38 36.82 3149 14.53
Neighboring 890 8.44 5.07 36.82 30.87 16.18
From Scratch ~ Manual Current 301 295 1.82 16.15 1458 9.73
Neighboring 3.01 293 262 16.15 1434 11.19
Automatic Current 12.54 11.55 7.67 44.79 36.50 18.28
Neighboring 12.54 11.55 7.73 44.79 36.60 18.06

Table 4: Test-set post-correction performance by source mixture, HTR strategy, line polygon condition, and source
context. Values are means across three HTR runs; Red. is the mean run-level relative reduction.
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Figure 4: Test diagnostics under the External-Heavy Automatic condition, using the lowest-WER context setting for
each HTR strategy (Base Model/Neighboring and From Scratch/Current), pooled across three HTR runs. Left to
right: character-operation shares, whitespace-edit share, and bounded multi-character span edits per line.

output under the same inputs. Across conditions,
post-correction reduces WER more consistently
than CER, consistent with the token-boundary and
segmentation-sensitive errors observed for Auto-
matic output.

The External-Heavy mixture is strongest in most
Automatic conditions and gives the larger reduction
in six of eight comparisons for each metric. For
Base Model HTR with Neighboring context, WER
decreases from 36.82% to 30.87%, corresponding
to a 16.18% mean run-level relative WER reduc-
tion. For From Scratch HTR with Current context,
WER decreases from 44.79% to 36.50%, while
CER decreases from 12.54% to 11.55%. Man-
ual line polygons show smaller and less consis-
tent effects across configurations, including CER
degradation in some settings, because raw HTR
is already much better under manually corrected
segmentation. Thus, in this experiment external
text diversity is most useful for noisy automated-

pipeline output. It does not make the Automatic
condition competitive with manually corrected line
polygons in absolute error, but it helps recover part
of the error introduced by automation. Figure 4
compares raw and post-corrected error profiles un-
der the External-Heavy Automatic condition, us-
ing the context setting with the lowest WER for
each HTR strategy: Neighboring for Base Model
HTR and Current for From Scratch HTR. Inser-
tion shares fall from 21.96% to 18.19% and from
21.09% to 18.14%, respectively, while substitu-
tions account for a correspondingly larger share of
edit operations. Whitespace-edit shares likewise
fall from 20.94% to 15.27% and from 21.01% to
14.37%; bounded multi-character span edits change
only from 1.26 to 1.23 and from 1.94 to 1.90 per
line. Thus, the clearest structural change is reduced
whitespace-related error, not a comparable reduc-
tion in bounded multi-character span edits.



7.2 Source-Context Ablation

The Neighboring context is most beneficial in the
Base Model Automatic condition, where it im-
proves both CER and WER relative to Current con-
text. For From Scratch Automatic, the pattern is
mixed: Neighboring context gives better CER re-
ductions, but Current context gives slightly better
WER with the External-Heavy mixture. Overall,
these results show that the benefit of Neighboring
context varies across conditions.

8 Discussion

8.1 Post-Correction as Pipeline Intervention

Manual line polygons give the best absolute HTR
quality, but require time-consuming layout correc-
tion and leave little room for post-correction. In
some settings, the model even over-corrects. Au-
tomatic output is worse, but is also where seg-
mentation artifacts accumulate and post-correction
has a clearer effect. Within this case study, post-
correction is therefore most appropriate as a robust-
ness layer for noisy automated HTR output, not as
a replacement for better TLD or HTR.

8.2 Synthetic Error Modeling

The validation-derived corruption model pools all
three validation HTR runs and reflects charac-
ter confusions, whitespace edits, bounded multi-
character span edits, and line-level severity. Cal-
ibration nevertheless yields fewer bounded multi-
character span edits per line and larger whitespace-
edit shares in synthetic data than in validation (Ta-
ble 7), illustrating how difficult it is for text-level
corruptions alone to simulate more severe errors
caused by layout or line contamination.

Figure 5: Scribal correction in Vat. gr. 2228. Manually
corrected polygons (top) exclude it, whereas Automatic
TLD polygons (bottom) include it and add segmentation
noise to the HTR input.

9 Conclusion

This controlled single-manuscript study shows that
ByT5-small post-correction trained on synthetic
data generated from validation-derived HTR error
profiles can recover part of the error introduced by
automatic line detection. Gains are most consis-
tent for WER, and External-Heavy performs best
in most test conditions, but manually corrected
line polygons remain substantially better in abso-
lute terms. These findings clarify the trade-off
between upstream manual layout correction and
downstream text correction in this workflow.

10 Limitations

The evaluation uses the same small, fixed set of
held-out pages across all configurations, so abso-
lute estimates may be sensitive to the textual and
layout characteristics of those particular pages.

The validation set supplies the error profiles, syn-
thetic calibration, and checkpoint selection, while
the test set is otherwise reserved for final report-
ing. Relying on a single validation split for these
development decisions may tailor the corruption
model to that split’s particular error distribution.
Moreover, although each HTR strategy has three
separately trained models, each ByT5 configuration
was fine-tuned only once. Reported variation there-
fore reflects differences among HTR-run outputs
rather than repeated post-correction training. Be-
cause variability across additional seeds and folds
is not estimated, robustness to post-correction train-
ing randomness and alternative page splits remains
unknown. Evidence that the validation-specific
corruption model transfers to other HTR error dis-
tributions is likewise limited.

The experiments cover one comparatively reg-
ular manuscript, Vat. gr. 2228, and one post-
correction architecture, ByT5-small. Transfer to
other manuscripts, scripts, layouts, or model archi-
tectures remains open.

Finally, the approach corrects text only after
HTR. It does not repair line polygons. Automatic
errors may arise from included scribal corrections
(Figure 5) or from missing text that the HTR model
never saw. Such line-structure interactions cannot
be fully solved by text-only post-correction.
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A Text Normalization

The same text-normalization protocol is applied
symmetrically to manuscript GT, raw HTR output,
and post-correction predictions before scoring, and
to text used in post-correction training-data prepa-
ration. It normalizes Unicode composition to NFC
and applies the ordered transformations in Table 5.

B External Clean Text & Sampling

The external corpus was provided by Yousef
et al. (2022). It contains Ancient Greek ma-
terial drawn from five source collections used
in that study, with annotations and other ancil-
lary data stripped: Perseus canonical Greek?,
First] KGreek®, PROIEL®, Perseus Treebank Data’,
and Gorman Greek Dependency Trees.® We call
the resulting plain Ancient Greek content external
text and the short line-like chunks derived from it
external pseudo-lines.

To construct the clean-text inputs shared by the
16 post-correction configurations, the pipeline pro-
ceeds from the external text to pseudo-line can-
didates, a filtered external pool, and finally two
source mixtures. Normalized manuscript training
GT supplies both the manuscript component of
those mixtures and a reference for selecting exter-
nal pseudo-lines with broadly comparable length,
script composition, and formatting. Overall, the
procedure has three steps:

1. Form pseudo-line candidates. Apply the text-
normalization protocol in Appendix A, split the
external text into sentence-like content units,
remove duplicate content units before chunk-
ing, and divide the remainder into consecutive
chunks of at most 12 words. This limit is the me-
dian line length of the 1,507 lines in manuscript
training GT (Table 1).

2. Construct the filtered external pool. Use
manuscript training GT as a reference for ex-
cluding clear length and script-composition out-
liers while allowing the external pseudo-lines
to vary beyond the manuscript’s central range.

4https://github.com/PerseusDL/canonic
al-greekLit

Shttps://github.com/OpenGreekAndLatin
/First1KGreek

®https://github.com/proiel/proiel-tre
ebank

"https://github.com/PerseusDL/treeban
k_data

$https://github.com/vgormanl/Greek-Dep
endency-Trees

For length, use the 1st and 99th percentiles
of manuscript word and character counts as
broad empirical anchors and expand that in-
terval with fixed tolerances to admit nearby
lengths. For character composition, use a
relaxed manuscript-derived minimum for the
share of Greek-script characters, including com-
bining diacritics, and configured maximum
shares for Latin characters, digits, and punctua-
tion. Apply these filters, remove candidates con-
taining any configured exclusion character,’ and
exclude exact matches to complete normalized
GT lines from the training, validation, or test
split (this complete-line comparison removed
seven candidate lines). Then deduplicate the
retained pseudo-lines. Together, these opera-
tions reduce 1,390,010 candidates to a pool of
813,619 unique pseudo-lines.

3. Construct the source mixtures. Sample
pseudo-lines without replacement from the fil-
tered external pool and lines from manuscript
training GT with replacement. External-Heavy
contains 37,500 external and 12,500 manuscript
lines. Manuscript-Heavy reverses these counts.
Each mixture therefore contains 50,000 clean
lines.

For reproducibility, the screening rule, together
with the 12-word chunk limit, retained pseudo-lines
with 6-12 words and 38-111 characters. Among
non-whitespace characters, retained candidates con-
tained at least 81.05% Greek-script characters, in-
cluding combining diacritics, and at most 3% Latin
characters, 3% digits, and 20% punctuation.

To quantify shared vocabulary after this process-
ing, a token is one whitespace-delimited occurrence
and a token form is its distinct exact string. For
example, the illustrative sequence alpha alpha
beta contains three token occurrences but two to-
ken forms. Because token forms are compared as
exact whitespace-delimited strings and punctuation
is not removed, a word without following punctua-
tion (e.g., alpha) and the same word followed
by a comma (e.g., alpha,) count as different
forms. Manuscript training GT contains 18,619
occurrences and 5,999 forms, while the filtered
external pool contains 8,920,871 occurrences and
703,742 forms. The corpora share 3,012 distinct
forms. As Figure 6 shows, these represent 50.21%
of the manuscript vocabulary but only 0.43% of

9Angle, square, or curly brackets; forward slashes or back-
slashes; and #, @, $, =, or |.
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Step Input class Characters (code points)

Normalized output

1 Zero-width characters Invisible (U+200B, U+200C, U+200D, U+FEFF) Remove

2 Apostrophe-like marks ’ (U+02BC), - (U+055A),” (U+1FBD),  (U+1FBF),

ASCII apostrophe ' (U+0027)

$(U+2018),” (U+2019), * (U+201B), / (U+2032)

; (U+037E)
*(U+0387)

3a  Greek question mark
3b  Ano teleia

ASCII semicolon ; (U+003B)
Middle dot - (U+00B7)

4a  Hyphen/dash/minus
—(U+2212)
4b  Curly double quotes

“(U+201C),” (U+201D), ,, (U+201E)

-(U+2010), - (U+2011),-(U+2012),-(U+2013), ASCII hyphen - (U+002D)

ASCII double quote " (U+0022)

5  Latin/Greek omicron  Latin o (U+006F) or O (U+004F) when immediately

adjacent to a Greek character

Greek o (U+03BF) or O (U+039F)

6 Unicode whitespace Invisible spacing characters

ASCII space (U+0020); trim
boundaries and collapse repetitions

Table 5: Ordered text-normalization transformations after NFC. Lettered rows share a step; glyphs are paired with

code points, while invisible inputs are listed by code point.

[ Token forms [l Token occurrences

Manuscript training GT
covered by filtered
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Figure 6: Directional lexical coverage between normal-
ized manuscript training GT and the filtered external
pool, shown for exact token forms and their occurrences.

the much larger external-pool vocabulary. Nev-
ertheless, the shared forms account for 72.28%
of manuscript token occurrences and 52.03% of
external-pool token occurrences, indicating sub-
stantial overlap among frequently occurring forms.
The manuscript side of this comparison uses nor-
malized training GT only, while the external side is
the filtered pool described above. The two source
mixtures provide the clean-text input to the calibra-
tion and corruption procedure described next.

C Error Profiles, Calibration &
Generation

The detailed procedure follows the same six steps
as Section 5.2:

1. Pool validation HTR-GT pairs. For each HTR
strategy m and line polygon condition p, pool
the validation pairs across the three HTR runs.

2. Estimate the error profile. Use the pooled
pairs to estimate (7, p, O p), Where my, p is
the five-bin severity distribution and ¢, j, is the
edit profile. The bins are identity (s = 0), low
(0 < s < tyg), medium (tsg < s < tog), high
(tgg < s < tgs), and extreme (s > tg5), where

t50, oo, and tgs are the 50th, 90th, and 95th
percentiles of positive validation line-level CER.
Table 6 reports the profile-specific thresholds
and distributions.

. Select the local-edit multiplier. Pair each er-

ror profile with each 50,000-line source mixture
from Appendix B. For a given pairing, calibra-
tion holds three validation-derived inputs fixed:
the severity distribution 7y, ,, which determines
how often each severity bin is requested; the
edit profile ¢,, ,, which supplies the local edit
patterns; and numerical error properties of in-
dividual validation HTR-GT pairs, which may
guide some high and extreme candidates. Cal-
ibration selects only the multiplier A\ for that
pairing.

Calibration subset. Uniformly sample 2,000
clean lines without replacement from the rel-
evant source mixture and draw one requested
severity bin from m,, , for each sampled line.
Hold both the lines and requested bins fixed
when comparing candidate values of A.

Candidate search. For every A in the prespeci-
fied grid

A ={0.75,1,1.25,1.5,2,2.5,3,4, 6},

apply the bounded candidate search used in
Step 5. An identity request leaves the clean line
unchanged. For every other request, each of at
most six attempts uses ¢, ; to produce one can-
didate by applying sampled character, whites-
pace, and short-span edits within the clean line.
If an applicable local edit has probability g, the
multiplier gives

gx = min(1, Ag).



HTR strategy Line polygons ts0 too

tos Identity Low Medium High Extreme

Base Model Manual 0.0375 0.0949
Base Model Automatic 0.0759 0.2393
From Scratch Manual 0.0395 0.1026
From Scratch  Automatic 0.0897 0.3723

0.1160
0.3475
0.1200
0.5377

10.33 45.42 35.28 4.48 4.48
3.51 48.34 38.40 4.87 4.87
10.14 46.00 34.89 4.48 4.48
2.92 48.93 38.40 4.87 4.87

Table 6: Validation-derived severity-bin thresholds and distributions (513 validation HTR-GT pairs per error profile).
Thresholds are CER proportions among positive-CER lines; the Identity-Extreme columns report 7, , in percent.

Thus, A scales how often the character, whites-
pace, and short-span edit mechanisms in ¢, ,
are invoked, while the validation-derived rela-
tive probabilities within event groups remain un-
changed. For a high or extreme request, the can-
didate set may also include an error-template-
guided candidate whose generation is not scaled
by A. Such a candidate is guided by the nu-
merical properties of one validation HTR-GT
pair in the requested bin—its CER, edit-type
proportions, whitespace-edit share, and edit dis-
persion. No validation text is copied: characters
and edit locations are generated anew for the
clean line from the validation-derived edit pat-
terns in @y, .

Multiplier selection. Rescore each candidate
with Equation (1), retaining the first candidate
in the requested bin or, if none reaches the bin
within six attempts, the candidate with the small-
est CER distance to that bin. Let 75 (b) be the
resulting proportion of calibration outputs in bin
b. Select the multiplier that minimizes

L) = wp [ (b) = (b))
b

where b ranges over the five severity bins and the
weights are (1,1, 1,2, 2) from identity through
extreme. Giving greater weight to high and ex-
treme prevents deviations in these less frequent
bins from being dominated by the more com-
mon bins. Ties favor the smaller multiplier.

Calibration does not train another model or alter
the validation-derived error profile.

For the reported configurations, calibration se-
lected A = 1.0 for Manuscript-Heavy Manual
under both HTR strategies and A = 0.75 for the
other six error-profile—source-mixture pairings.

4. Draw requested severity bins. For each clean
line in the complete source mixture and each
available non-empty neighboring line, indepen-
dently draw a bin from 7, ;.

5. Generate corruptions within the requested
bins. Leave an identity request unchanged. Oth-

erwise, repeat the bounded candidate search
from Step 3 using the selected \. For high and
extreme requests, the candidate set may again in-
clude error-template-guided candidates. Retain
the first generated candidate that falls within the
requested bin or, after six unsuccessful attempts,
the candidate with the smallest CER distance
to that bin. Error-template-guided candidates
allow the validation-derived CER target to vary
multiplicatively by up to 8%, while fixed safe-
guards bound the total number and dispersion
of edits. These safeguards keep the generated
corruption proportional to the new line’s length
and prevent it from being divided across too
many separate regions.

6. Form Current and Neighboring training
pairs. Form z§"" from the corrupted line alone
or z§™ from that line and the available corrupted
neighboring lines, using the clean line g; as the
target. Current and Neighboring reuse the same
corruptions and targets; only the tagged cor-
rupted lines included in the source differ.

Figure 7 compares m,, with the full-output
7, estimated separately for each complete set of
50,000 generated pairs. It is a post-generation di-
agnostic. A is selected only on the fixed 2,000-line
calibration subset. Table 7 adds all-line CER and
structural diagnostics. Matching bin proportions
need not imply structural agreement.

D Transkribus HTR & TLD Settings

Following Andersen et al. (2026), Table 8 reports
the HTR training and TLD training/inference set-
tings used. Most settings retained their Transkribus
platform defaults. Transkribus documents HTR
model setup and training,'® TLD training,'!' and
TLD inference settings.'?

""Model Setup and Training: https://help.trans
kribus.org/model-setup-and-training

Baselines Models: https://help.transkribus
.org/baselines-models

12Layout Configuration Settings: https://help.tra
nskribus.org/advanced-layout-configurati
on-settings
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Figure 7: Validation severity distribution 7, ,, and realized full-output distributions 7 for both source mixtures,

using the multiplier selected for each error-profile-source-mixture pairing.

Source mixture = HTR strategy Line polygons CER (%) CER 95th (%) Whitespace edits (%) Avg. spans/line
Val. Synth. Val. Synth. Val Synth. Val.  Synth.
Manuscript-Heavy Base Model =~ Manual 424 434 1154 11.25 14.99 17.57 0.44 0.35
Automatic 1034 9.64 3442 3333 1832 24.58 1.41 1.07
From Scratch Manual 446 455 11.63 11.59 14.76 17.80 0.42 0.35
Automatic 1438 1271 52.87 5397 20.35 29.19 2.17 1.42
External-Heavy Base Model  Manual 424 415 11.54 11.25 14.99 17.71 0.44 0.31
Automatic 1034 9.76 3442 34.09 18.32 24.35 1.41 1.01
From Scratch Manual 446 433 11.63 11.69 14.76 17.91 0.42 0.32
Automatic 1438 1271 52.87 53.54 20.35 28.89 2.17 1.32

Table 7: Validation HTR and realized synthetic diagnostics. CER is micro-averaged over characters, and CER 95th
pct. includes unchanged lines. Whitespace edits (%) is the share of edit operations involving whitespace, and Avg.
spans/line is the mean bounded multi-character span-edit count, restricted to spans with at most six GT and six HTR

characters.
Setting Recorded value
HTR training
Training cycles 250
Early stopping 25
Use existing line polygons Yes
Augmentation method None
Image Type Originals
Convert images to black & white  Yes
TLD training
Training cycles 100
Learning rate 0.001
Training scaling (min./max.) 0.2/0.5
Validation scaling 0.33
Affine transformation Enabled (0.025)
Skeletonization / dilations Enabled / 1
Rotation / 90-degree rotation Disabled
Elastic transformation Disabled
TLD inference
Number of text regions One
Image scaling Default
Minimal baseline length Medium (25)
Baseline Accuracy threshold Medium (55)
Use trained separators No (—1)
Max-dist for merging baselines Medium

Table 8: Recorded Transkribus settings for HTR train-
ing, TLD training, and TLD inference.
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